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Abstract: Wi-Fi technology has strong potentials in indoor and outdoor sensing applications, it has several important 
features which makes it an appealing option compared to other sensing technologies. This paper presents a survey on 
different applications of Wi-Fi based sensing systems such as elderly people monitoring, activity classification, gesture 
recognition, people counting, through the wall sensing, behind the corner sensing, and many other applications. The 
challenges and interesting future directions are also highlighted. 
 

1. Introduction 

The discovery of the wireless wave by Hertz [1] has 

opened the doors for many technological revolutions. Most 

aspects of our modern life have been affected by this 

important discovery. In 1864, Maxwell showed theoretically 

using mathematics that electromagnetic waves could 

propagate in space [2]. The existence of electromagnetic 

waves was demonstrated in 1887 by Hertz in an interesting 

experiment that confirmed Maxwell's equations. He also 

showed that electromagnetic waves could be reflected from 

solid objects. Marconi began to pursue the idea of building a 

wireless communication system [3]. In 1896, he gained a 

patent on his system and started the development of a 

commercial communication system in the next few years. In 

1897, Alexander Popov [4] at the Imperial Russian Navy 

observed that when a vessel passes between two ships, it 

causes interference of the communication between the two 

ships, he suggested that this phenomenon could be used for 

detecting objects. In 1904, Hülsmeyer [5] was able to 

demonstrate the potential of using the wireless waves to 

detect the presence of a metallic object. Eleven years later, 

Watt used the wireless waves to create an early warning 

system for airmen. World War I accelerated the development 

in this field particularly for military communication 

applications, and in this period, the first vacuum tubes were 

used in radio transmitters and receivers. World War II again 

accelerated the research in communication, navigation, and 

radar. The development of televisions was continued after the 

war. 

During World War II, the British Navy used the 

LORAN navigation system, which is a ground-based 

navigation system that uses wireless signals, the system was 

developed in the 1940s  [6]. The United States Navy launched 

the first satellite-based navigation system TRANSIT in 1960, 

the system is based on a constellation of five satellites. The 

Global Positioning System (GPS) was launched in 1973 in 

the United States to overcome the limitations of existing 

navigation systems. It was opened for civilian use in the 

1980s, and it became fully operational in 1995.  

In 1991, the former prime minister of Finland Harri 

Holkeri made the world's first Global System for Mobile 

communication (GSM) call with the mayor of the city of 

Tampere [7]. One year later, the first Short Messaging 

Service (SMS) was sent. Wi-Fi was invented by a group of 

Australian scientists [8], they were working for the 

commonwealth scientific and industrial research organization. 

Wi-Fi was first introduced for commercial use in 1997 when 

the 802.11 committee was created, this led to the IEEE802.11 

standards, which define the communication standards for the 

Wireless Local Area Networks (WLANs). In 1999, Wi-Fi 

was introduced for home use. 

Today, 130 years after Hertz’s discovery, there is a 

wide range of applications of the wireless waves, such as 

activity detection, gesture recognition, and elderly people 

monitoring. Future access points will be also able to 

recognise gestures and take commands, analyse and classify 

different activities of people inside and outside the house, 

monitor the health conditions of elderly people by monitoring 

their breath, fall, etc. Table .1 summarises the applications of 

using the Wi-Fi signals. The range of applications is not 

limited to indoor applications but also include outdoor areas. 

Video-based sensing systems have limitations in Non-

Line-Of-Sight (NLOS) environments, in the dark, through 

smoke or walls; they are also computationally intensive and 

have lower localisation accuracy.  

Wi-Fi provides an easily accessible source of 

opportunity for people tracking, it does not have the 

limitations of video-based systems; furthermore, it has higher 

availability and longer range than other signal-based systems 

such as Ultra-Wideband (UWB). The possibility to provide 

people tracking by using this ubiquitous source of 

opportunity, and without transmitting any additional signal, 

nor require co-operative objects as other signal-based systems, 

offers major opportunities. 

In this paper, we extend and build on recent works 

such as [9-11] to provide a more comprehensive survey on 

recent applications of Wi-Fi based sensing systems. The main 

used approaches of Wi-Fi based sensing systems with their 

limitations are summarised. Then, a survey on different 

recent applications is presented. 

The paper is organized as follows: The main used 

approaches of Wi-Fi based sensing systems with their 

limitations are described in section 2. The application of the 

Wi-Fi signal in elderly people monitoring is described in 

section 3.1. The application of the Wi-Fi signal in activity 

classification is described in section 3.2. Section 3.3 describes 

the application of the Wi-Fi signal in gesture recognition. The 

application of the Wi-Fi signal in people counting is 

described in section 3.4. The application of the Wi-Fi signal 

Auto-generated PDF by ReView The Journal of Engineering

IETJournal.docx MainDocument IET Review Copy Only 2

This article has been accepted for publication in a future issue of this journal, but has not been fully edited.
Content may change prior to final publication in an issue of the journal. To cite the paper please use the doi provided on the Digital Library page.



2 

 

in through the wall sensing is described in section 3.5. The 

application of the Wi-Fi signal in behind the corner sensing 

is described in section 3.6. Other Applications are described 

in section 3.7. The gaps, limitations, and interesting future 

directions are described in section 4, and the paper is 

concluded in section 5. 

 

Table 1. Different applications of Wi-Fi based sensing 

systems. 

Applications References 

Health Monitoring 

 

[55-56], [169-177]. 

Activity Classification  

 

[68-76], [178]. 

Gesture Recognition  

 

[82-86], [179-181]. 

People Counting  

 

[87-102], [160-161]. 

Through the Wall Sensing 

 

[109-112], [182-183]. 

Emotion Recognition [139]. 

Attention Monitoring [147]. 

Keystrokes Recognition [153]. 

Drawing in the Air [154], [184]. 

Imaging [155], [185-186]. 

Step Counting  [156, 157], [187]. 

Speed Estimation [158]. 

Sleep Detection [188, 190]. 

Traffic Monitoring [191]. 

Smoking Detection [192-193]. 

Metal Detection [194-195]. 

Sign Language Recognition [196-199]. 

Humidity Estimation [200]. 

Wheat Moisture Detection [201]. 

Fruit Ripeness Detection [202]. 

 

2. Wi-Fi based sensing systems  

Vision-based people tracking systems [12, 13] have 

been widely used recently for different applications such as 

activity classification, gesture recognition, elderly people 

monitoring, and people counting. However, these systems 

have many limitations in Non-Line-Of-Sight (NLOS) 

environments, in dark, through smoke or walls; they are also 

computationally intensive and have lower localisation 

accuracy.  

Traditional radar systems have been recently used to 

perform people tracking and activity recognition [14, 15]. 

However, these systems use multiple antennas, expensive 

ultra-wideband transceivers, and specialized signal 

modulation.  

Within the European project ATOM [16, 17, 18], the 

potential of Wi-Fi for people tracking within different public 

areas such as airport terminals was investigated. The use of 

the Wi-Fi signals turned out to be very promising, where Wi-

Fi signals represent a very suitable solution for the following 

reasons: 

- Reasonable bandwidth, which will lead to a high 

range resolution. 

- Wide coverage, Wi-Fi networks are spreading at a 

very high rate for both commercial and private use. 

- Reasonable Transmitted power, which gives the Wi-

Fi signal an advantage over short-range sensing technology 

such as UWB. 

Colone et al. [17] investigated the use of Wi-Fi signals 

for people tracking, they conducted an ambiguity function 

analysis for Wi-Fi signals. They also investigated the range 

resolution for both the Direct Sequence Spread Spectrum 

(DSSS) and the Orthogonal Frequency Division Multiplexing 

(OFDM) frames, for both the range and the Doppler 

dimensions, large sidelobes were detected, which explains the 

masking of closely spaced users. Falcone et al. [18] presented 

the results of detecting the speed and the range of a car by 

correlating the received Wi-Fi signal with the transmitted one. 

It was shown that the moving car can be localised, but the 

user next to it is masked by the strong reflection from the car. 

Then they showed that ambiguity function control filter and 

disturbance removal techniques could allow the detection of 

both the car and the person. 

Wi-Fi based systems use the variations in the wireless 

channel to track people in a given environment. Existing 

systems can be grouped into three main categories: (1) 

Received Signal Strength (RSS) based, (2) Channel State 

Information (CSI) based, and (3) Software Defined Radio 

(SDR) based. 

RSS provides only coarse-grained information about 

the variations of the wireless channel and does not provide 

fine-grained information about the multipath effects. CSI was 

introduced to capture fine-grained variations in the wireless 

channel. Received signal strength measurements are only a 

single value per packet, which represents Signal-to-

Interference-Noise Ratio (SINR) over the channel, channel 

state information on the other hand contains the amplitude 

and the phase measurements for each OFDM subcarrier. SDR 

based systems are low-level systems that have full access to 

the received signal and therefore can capture more valuable 

information from the received signal. 

In the SDR based category, the first experiments to 

localise people using Wi-Fi signals were done by Guo et al. 

[19]. The Wi-Fi signals were utilised for localisation by 

matching the transmitted signal with the received one, the 

localisation of one person was achieved in an open field 

without much clutter. Chetty et al. [20] conducted 

experiments in high clutter indoor environments using Wi-Fi 

signals, they were able to detect one moving person through 

a wall. 

A multi-person localisation system Wi-Track [21] was 

proposed by Adib et al. They pinpoint users’ locations based 

on the reflections of Wi-Fi signals off the persons’ bodies, 

their results show that their system can localise up to five 

users at the same time with an average accuracy of 11.7 cm. 
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The system uses the reflection of the signal to estimate the 

time required by the signal to travel from the antennas to the 

person and back to the antennas. The system then uses the 

information of the antennas’ positions to build a geometric 

model that converts the round trip delays of the reflected 

signal to a position of the user. Wi-Track removes the 

reflections from walls and other static objects by background 

subtraction where the distance of these objects does not vary 

over time, and hence they can be removed by subtracting 

consecutive frames of the constructed scenes. Reflections that 

include a combination of humans and static objects are 

addressed through taking into account the models of human’s 

motion and their velocity in indoor scenarios. One limitation 

of the proposed system is that it needs the users to move in 

order to be able to locate them because the system cannot 

distinguish between static users and a piece of furniture. 

When a person is conducting an activity he will cause 

the blocking or the reflecting of transmitted signals. This will 

cause a variation in the received signal strength. The activities 

performed by people will leave a characteristic fingerprint on 

the received signals. The variation in the received signal can 

then be used in order to classify different activities. Woyach 

et al. [22] investigated the effect of human’s motion on the 

received signal. Moreover, they showed that the speed of an 

object could be estimated by analysing the pattern of RSS 

variation of transmitted frames of a moving object. Krishnan 

et al. [23] expanded the work of Woyach by studying the 

differences between moving objects and stationary objects by 

analysing the variation of the RSS in a network of wireless 

nodes. Anderson et al. [24] and Sohn et al. [25] were able to 

distinguish between six speed levels. 

Youssef et al. [26] introduced a Device-free Passive 

(DFP) localisation system. A DFP system can localise objects 

that do not carry any device. The system works by observing 

variations in the received signals to detect the presence of 

objects in the environment. Bocca et al. [27] proposed a DFP 

system which localises the person based on the RSS 

variations of a line of sight link between two communication 

nodes, a sub-meter accuracy was reported; however, these 

methods have serious limitations in non-LOS environments 

due to the multipath effects. For non-LOS environments, 

Wilson et al. [28] also proposed a variance-based method to 

localise people; however, their method cannot locate static 

people, since they do not produce much RSS variance. 

A more recent work by Wilson et al. [29] investigated 

the use of the particle filter to localise both static and moving 

people. The method works in both LOS and non-LOS 

environments; however, it cannot be easily implemented in 

real-time. Furthermore, the accuracy of RSS based methods 

requires a high density of communication nodes. 

Kosba et al. [30] proposed a system to detect motion 

using standard Wi-Fi hardware. Their system uses an offline 

training phase where no movement is assumed as a baseline. 

Then, the anomaly is detected by detecting changes from the 

baseline. Lee et al. [31] also used the RSS fluctuation of 

communication nodes for intrusion detection. They reported 

changes in the standard deviation and the mean of RSS values 

in five distinct indoor scenarios. 

RSS is an unreliable measure, because it is roughly 

measured, and can be easily affected by multipath. In [32] the 

Channel State Information is used, CSI is a fine-grained 

information, it gives information about the frequency 

diversity characteristic of the OFDM systems. In [32] the 

authors used the CSI to build an indoor localisation system 

FILA. FILA processes the CSI of multiple subcarriers in one 

packet and builds a propagation model that captures the 

relation between CSI and the distance. The effectiveness of 

the system is shown by using a commercial 802.11n device. 

Then, a series of experiments were conducted to evaluate the 

performance of the proposed system in indoor environments. 

The experiments results showed that the localisation accuracy 

could be significantly improved by using CSI, where for over 

90% of the data points, the localisation error was in the range 

of 1 meter.  

Authors in [33] showed that activity recognition can 

be achieved using the CSI measurements which are available 

by the IEEE 802.11n devices and with a small number of 

communication nodes. Their system E-eyes uses the wide 

bandwidth of 802.11ac, where a more fine-grained channel 

state information is used in Multiple Input Multiple Output 

(MIMO) communications. Different sub-carriers will 

encounter different multipath fading because of the small 

frequency difference. When taking a single RSS 

measurement, such effect is usually averaged out. Each 

subcarrier measurement will change when a movement 

changes the multipath environment. This will allow the 

system not only to detect changes in the direct path but also 

to take advantage of the rich reflected signals to cover the 

space. This will also allow the system to operate using one 

access point and a small number of Wi-Fi devices, which 

already exist in many buildings. However, the proposed 

system has many limitations: first, the system was designed 

and tested with the presence of only one person. Second, the 

system requires a stable surrounding environment with no 

furniture movement, because changing the surrounding 

environment requires a profile update. 

3. Applications of Wi-Fi based people tracking 
systems   

 

3.1. Elderly people monitoring  
 

The population of people aged 65 years or older is 

increasing, and their ratio to the population of people aged 

20–64 will approach 35% in 2030 [34]. The worldwide 

population over 65 is expected to grow to one billion in 2030. 

The majority of elderlies spend their time within their own 

homes most of the day. Every year 33% of elderly people over 

the age of 65 will fall, and the percentage increases for the 

elderlies living in care institutions. The fall could cause 

injuries and reduction of the quality of life. Unfortunately, fall 

represents one of the main reason of the death of elderly 

people. Most of the time, the elderly at high risk of falling 

need to move to institutionalized care, which can 

approximately cost US$3,500 per month. A large number of 

elderlies can’t get up by themselves after the fall, and even 

without any direct injuries, 50% of those who had a long time 

of being on the floor (longer than one hour) died within six 

months after the falling. Therefore, fall detection could save 

many lives, it will help in achieving timely treatments, and 

can dramatically decrease medical expenses.  

There are many competing fall detection technologies, 

existing technologies can be classified into four categories: 

wearable sensor based, smartphone-based, vision-based, and 
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ambient device based techniques. Ambient device based fall 

detection systems [35] [36] [37] seek to use the ambient noise 

produced by the fall to capture risky situations. Examples of 

the ambient noise being used include audio and floor 

vibration. In these systems, specific devices should be placed 

in the environment. Detecting the pressure or the sound of the 

environment around the person produces a large percentage 

of false alarms. Vision-based fall detection systems [38] [39] 

[40] use activity classification algorithms based on the 

camera as a sensing technology. Vision-based fall detection 

systems can accurately detect a human fall. However, these 

systems violate people privacy and they fail to work in dark 

environments. Both wearable sensor [41] [42] and 

smartphone [43] [44] based fall detection techniques use 

sensors such as accelerators to determine the velocity. 

Sensors are widely used in fall detection systems; however, 

carrying a device is usually user-unfriendly, it is intrusive, 

and easily broken.  

Recently, improved classification methods of radar 

signals corresponding to different types of motions have been 

proposed to classify falls from other types of activities such 

as sitting, standing, kneeling, and so on [45]-[51]. Authors in 

[45] investigated the dynamic aspect of a fall signal and used 

machine learning techniques to differentiate between radar 

signals in falls and non-falls situations. This differentiation 

was achieved in [45], [47], [48], and [50] by extracting 

features from the time-frequency signal representations. 

Wavelet transform was used to analyse radar fall signals in 

[49] and [51]. In [46], a number of Doppler sensors were used 

to improve the accuracy of fall detection by monitoring the 

movement of the user from many directions, this will also 

help in combating occlusions. They used data fusion by 

combining or selecting features. Although the combination 

method is more complex to implement, it outperformed 

conventional methods in different fall and non-fall scenarios. 

In [45]–[47], [49], and [50], a fall is separated from a previous 

motion by determining the start and the end of a possible fall. 

Then, the Doppler features of the fall are extracted within the 

fall time interval. A 2.5 GHz bandwidth UWB range-Doppler 

radar is used in [52] to provide range measurements for object 

localisation. Range-Doppler radar is also used in [53] to 

detect physiological parameters such as respiration, heartbeat, 

and other motion parameters to detect a fall. Features related 

to respiration, heartbeat, and motion, or combinations of them, 

are used to differentiate between a pet present in the room and 

the fallen person. A range-Doppler radar can resolve many 

objects and therefore allows the radar to take into account 

more than one user in the observed environment (e.g., [54]). 

In this situation, both the elderly and other persons in the 

environment will be monitored. 

Authors in [55] proposed a Wi-Fi based fall detection 

system WiFall, by taking advantage of the channel state 

information measurements. The basic idea is to analyse the 

change in CSI when human activities affect the environment. 

The system consists of two stages: the first one is an 

algorithm to detect abnormal CSI series, and the second one 

is an activity classification based on Support Vector Machine 

(SVM) technique to distinguish falls from other activities. 

WiFall achieved comparable precision to device-based fall 

detection systems with 87% detection rate and 18% false 

alarm rate. 

Patwari et al. [56] reported that they were able to 

detect the breathing rate of a person by analysing the 

fluctuation of RSS in the received packets from 20 nodes 

around the person. By using the maximum likelihood 

estimation, the breathing rate was estimated with an error of 

0.3 breaths per minute. The nodes transmit every 240ms with 

a 2.48 GHz frequency, which means that the overall 

transmission rate is about 4.16Hz. The prediction was 

performed after a 10 to 60 second measurement period. 

Longer measurement periods did not significantly improve 

the accuracy. The achieved accuracy was related to the 

number of nodes, where with 7 nodes, an RMSE rate of 1.0 

approximately was achieved. 

 

3.2. Activity classification  
 

The growing concern about law enforcement and 

public safety has resulted in a large increase in the number of 

surveillance cameras. There is a growing interest in both the 

research community and in the industry to automate the 

analysis of human activities and behaviours. The main 

approach of these techniques is to model normal behaviours, 

and then detecting the abnormal behaviour by comparing the 

observed behaviour and the normal behaviour. Then the 

variation is labelled as abnormal. Abnormal behaviour 

detection has gained increasing interest in surveillance 

applications recently. Hu [57] has recently discussed that 

most surveillance techniques are based on the same approach; 

where the moving object is first detected. After that, it is 

tracked over many frames, and finally the resulted path is 

used to differentiate normal behaviour from abnormal ones. 

In general, these techniques have a training stage where a 

probabilistic model is built based on the normal behaviour. 

Researchers have achieved remarkable precision in 

recognising human activities such as, running, walking, 

climbing stairs, cycling, and so on [58], [59], [60]. However, 

one limiting requirement of these sensing techniques is that 

the person to monitor has to actually cooperate and wear a 

device. In contrast to this, in device-free approaches, no 

device is needed to be worn by the monitored person. One can 

distinguish between two types of systems, the first one is 

classical systems, which are installed particularly for the 

sensing task and the second one is systems, which are utilised 

for sensing but were originally installed for other purposes. 

Classical device-free systems cover for instance video [61], 

[62], infrared [63], [64], pressure [65] and ultrasound sensors 

[66], [67]. The main limitation of these systems is that they 

require high installation effort. 

Authors of [68] classified simple activities by 

capturing features from the variation of the signal between 

two communication nodes. They also investigated the 

performance of the system under multipath environments. It 

was also demonstrated that activities conducted at the same 

time from multiple persons could be easily distinguished by 

using signal strength based features [69]. However, the 

highest classification accuracy was achieved when the 

activity was less than one meters from the receiver. At larger 

distances, the classification accuracy decreased rapidly. 

Recently in [70], they considered the recognition of general 

activities based on RSS in a sensor network, where activities 

such as sitting, standing, walking, and lying have been 

recognised with high accuracy.  

Authors in [71] proposed the use of the wireless 

channel, where they monitored the fluctuation in the RSS, 

which is calculated for each packet at the receiver, they 
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attempted to recognise activities performed in front of a 

mobile phone. This approach allows activity recognition 

when the device is not carried by the person but near to him. 

The achieved accuracy is still below the accuracy of 

conventional sensors such as accelerometers, where an 

accuracy of 74% inside the room and an accuracy of 61% 

through the wall were achieved. 

For activity recognition, many simple RSS features 

have been used such as average magnitude squared, signal-

to-noise ratio [72], [73], [74], and signal amplitude [75]. In 

[76] the learning approach was able to detect and count up to 

10 moving or stationary users. Then, after using additional 

frequency domain features, the accuracy was further 

improved [77]. In [78] the authors proposed a system that can 

recognise the gesture of multiple users. 

 
3.3. Gesture recognition  

 

As computers become increasingly embedded in the 

environments, there is an increasing need for novel ways to 

interact with the computers. The Xbox Kinect [79] is a recent 

example of a sensor that enables interaction based on gesture 

using computer vision and depth sensing. The success of 

these devices has increased the interest in building novel user 

interfaces that decrease the dependence on traditional 

interfaces such as the mouse and the keyboard. Gestures can 

be used as a new interaction technique for computing that is 

embedded in the environment. For instance, by a hand motion 

in the air, the person can adjust the volume of the music while 

sitting, or turn down the air conditioning when he is in bed. 

Such capabilities can enable applications in many domains 

including gaming, home automation, and elderly health care 

as described in Fig 1. Conventional gesture recognition 

systems are based either on vision technology such as Kinect 

or wearable sensors such as Magicrings. 

 

 
 

Fig 1. Application of gesture recognition in home automation 
[84]. 

 

Aumi et al [80] presented an ultrasonic-based gesture 

recognition approach. It uses the integrated audio hardware in 

smartphones to determine if a particular phone is being 

pointed at, i.e., the person waves at a phone in a pointing 

motion. They evaluated the accuracy of the system in a 

controlled environment. The results show that, within 3 

meters, the system has an accuracy of 95% for device 

selection. The basic idea of the proposed system is that the 

intended target phone will have the maximum Doppler shift 

compared to the other potential target phones. By comparing 

the peak Doppler shift in all the phones, they can determine 

the intended phone. 

Gupta et al [81] presented SoundWave, a gestures 

recognition system that uses the microphone and the speaker 

that are already integrated into most smartphones to recognise 

gestures around the phone. They generated an inaudible tone, 

which will have Doppler shift when it bounces off moving 

objects such as the hand. They calculated this Doppler shift 

using the microphone to recognise different gestures. 

Abdelnasser et al. [82] presented a Wi-Fi based 

gesture recognition system by using variation in RSS 

resulting from hand gestures. The system can recognise many 

hand gestures and translate them into commands to control 

different applications. The gesture recognition accuracy was 

87.5% when a single access point was used and 96% when 

three access points were used. However, RSS is not an 

accurate metric because the high variation in RSS 

measurements causes a high rate of misdetection.  

Cohn et al. [83] used the electromagnetic noise 

resulted from electronic devices to recognise different 

gestures. They presented accurate gesture recognition with an 

accuracy of 93% for 12 gestures. They also presented 

promising results for people localisation inside a building. 

They used variations in the received signal that happen when 

the body moves. In addition to the ability to recognise 

different whole-body gestures, they also showed accurate 

localisation of the person within the building based on a set 

of trained locations. Their system was based on 

electromagnetic noise resulted from electronic devices and 

the power lines. However, the system requires the user to train 

and calibrate the gestures and locations for his home, the 

classification works well if the home is in the same state 

during the training; however, large changes in the state (such 

as turning on the lights) drop the classification accuracy 

significantly. Some devices also generate broadband noise 

that might mask other noise signals.  

Gupta et al. [84] proposed WISEE, a gesture 

recognition system that uses Wi-Fi signals to recognise 

human gesture. WISEE can recognise user gestures without 

introducing any additional sensing device on the user body. 

The system uses the Doppler shift, which is the frequency 

change of the wireless wave when its source moves toward 

the observer. There will be many reflections from the user 

body, and the user gestures will result in a certain pattern of 

Doppler shift. For instance, if the user moves away from the 

device, this will produce a negative Doppler shift, and if the 

user moves toward the device, this will produce a positive 

Doppler shift as described by Fig 2.  

The main challenge for the proposed system was that 

the user gesture produces very tiny changes in Doppler shifts, 

which is very difficult to detect using WI-FI signals. A 

movement of 0.5 m/sec produces 17 Hz Doppler shift if the 5 

GHz frequency is used. For gesture recognition applications, 

a Doppler shift of few Hertz should be detected. The solution 

for this challenge was achieved by converting the received 

signal, which is reflected from the moving object to a 

narrowband signal with few Hertz bandwidth, then the system 

extracts the frequency of this signal to recognise small 

Doppler shifts. The results of classifying 9 gestures in LOS 

and NLOS environments show that 94% of gestures were 

classified correctly and 2% of gestures were not detected. 

Wang et al. [85] presented WiHear, which 

investigated the potential of using Wi-Fi signals to hear the 

talk of people. The proposed system locates the mouth of the 

user and then recognises his speech by analysing the signals 
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reflected from his mouth. By analysing the mouth moving 

patterns, the system can recognise words in a similar way to 

lips reading. The results show that using a pre-defined 

vocabulary, the system can achieve recognition accuracy of 

91% for single user speaking no more than 6 words and 74% 

accuracy for no more than 3 people speaking at the same time. 

The accuracy decreases when the number of persons 

increases. Furthermore, the accuracy decreases dramatically 

when more than 6 words were spoken by each user. The 

system also assumes that people do not move while they are 

speaking, and the recognition accuracy of 18% is very low for 

through the wall scenarios. In [86] the authors proposed a 

system that can recognise the gesture of multiple users. 

 

 
 

Fig 2. The effect of the movement direction on the Doppler 

shift [84]. 

 

3.4. People counting  
 

Crowd counting is increasingly becoming important in 

a number of applications, such as crowd control and guided 

tour. However, crowd behaviours are usually unpredictable 

which pose many challenges for crowd counting and 

estimation. Other challenges include object occlusions and 

real-time processing requirement. There are many 

applications that can benefit from people counting. Smart 

building management is one example, where the heating can 

be optimised based on the number of people, which can result 

in a large energy saving. There are many other similar 

applications that can be also optimised based on the number 

of people. Crowd estimation may also play an important role 

in emergency situations where a crowd needs to be evacuated 

from an area. 

Mostofi et al. [87] proposed a Wi-Fi based system that 

counts the number of walking people in an area using only 

RSS measurements between a pair of transmitter and receiver 

antennas. The proposed framework is based on two important 

ways that people affect the propagation of the Wi-Fi signal, 

the first one is by blocking the line of sight signal, and the 

second one is the scattering effects. They developed a basic 

motion model, then they described mathematically the effect 

of a crowd on blocking the line of sight. Finally, they 

described mathematically the effect of the number of people 

on the resulted multipath fading and the scattering effects. By 

integrating these two effects together, they were able to 

develop a mathematical equation describing the probability 

distribution of the received signal amplitude in term of the 

number of people. In order to test the proposed approach, 

large outdoor and indoor experiments were conducted to 

count up to 9 persons as described by Fig 3, the results show 

that the proposed approach can count the number of persons 

with a high accuracy using only one Wi-Fi transmitter and 

one Wi-Fi receiver. For example, an error of 2 or less was 

achieved 63% of the time for the indoor case, and 96% of the 

time for the outdoor case when using the standard Wi-Fi 

omnidirectional antennas. When directional antennas were 

used, an error of 2 or less was achieved 100% of the time for 

both the indoor and outdoor cases. 

 

 
 

Fig 3. People counting in outdoor and indoor environments 

using only one pair of Wi-Fi cards [79]. 

 

In [88], multiple Wi-Fi nodes and RSS measurements 

were used to count the number of up to 4 persons. They 

reported an accuracy within an error of 1 person 84% of the 

time approximately. In [89] a similar approach was used but 

with fewer nodes, they were able to count up to three people. 

In [90], a transmitter-receiver pair was used to estimate the 

number of people based on RSS measurements. An extensive 

training data was used to develop the underlying model, an 

error up to 6 persons were reported in experiments limited to 

9 persons. 

In [91], the authors measured the channel state 

information of different sub-carriers, they developed a model 

to relate the channel state information to the number of 

persons through a training stage. They tested their model 

using one transmitter and three receivers to count up to 9 

persons. However, measuring channel state information of 

different sub-bands is not available for most current Wi-Fi 

cards. In [92], the authors used UWB radar to count up to 3 

stationary persons behind walls. In [93], the authors used a 

pulsed radar to estimate the number of people by using 

machine learning techniques. 

Xi et al. [94] proposed a people counting system based 

on channel state information measurements. The basic idea of 

the proposed approach is that the number of people can be 

accurately estimated by analysing the changes in the channel 

state information. They theoretically studied and 

experimentally validated the relationship between the 

variation of the wireless channel and the number of moving 

persons. Their results show that CSI is very sensitive to the 

influence of the environment, they also showed that there is a 

monotonic relation between the number of moving persons 

and CSI variations. This provides a solid ground for crowd 

counting. They proposed a metric, which is the percentage of 

non-zero elements in the CSI Matrix. To estimate the number 

of people, the metric can measure the changes in CSI in a very 

short time. The value of the metric increases as the number of 

active persons increases, and it reaches the saturated state 

when the number of persons reaches a certain threshold. The 

Grey-Verhulst model was applied to estimate the number of 
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persons. To estimate the number of persons in a large area, 

multiple devices were used to form a grid array. The main 

challenge was that CSI is very sensitive to the environment, 

i.e., users moving in one grid will result in CSI variations in 

adjacent grids. To address this challenge, an interference 

cancelation technique was proposed to adjust the sensing 

range for each receiver to enhance the estimation accuracy in 

a large monitored area. The system was built using 802.11n 

Wi-Fi devices. The system was evaluated with large-scale 

experiments. The results showed that the proposed approach 

outperforms other approaches in terms of accuracy and 

scalability. 

In [95], [96] the locating procedure was divided into 

two stages: the training stage and the operating stage. Xu et 

al. [96] formulated the localisation problem as a probabilistic 

classification problem to cope with the error caused by the 

multipath in cluttered environments. Yuan et al. [95] used a 

classification algorithm to estimate the number of persons. 

Arai et al. [97] proposed an approach to link the crowd 

movement patterns with the feature of the radar chart. This 

approach requires a survey over the used areas to build a 

fingerprint database. The efforts, cost, inflexibility, and the 

environment dynamics are the main limitations of this 

approach. In crowd counting, the training cost is a main 

limiting factor particularly for large-scale scenarios; 

furthermore, it is very challenging to get the ground truth 

when the number of persons is large. 

In [98], [99] if the person is nearby a link, the RSS will 

change remarkably. However, if the person moves away from 

the link, the performance decreases rapidly. Nakatsuka et al. 

[100] demonstrated the effectiveness of using the average and 

the variance of RSS to estimate the crowd density. Patwari et 

al. [101] proposed a statistical approach to model the RSS 

variance as a function of a person’s position with respect to 

the antennas locations. Xu et al. [102] used a link-based 

approach to estimate the number of persons and locate their 

positions using RSS measurements. 

 

3.5. Through the wall sensing  
 

Through the wall sensing is a new research area that 

was introduced to address the increasing need to see through 

the walls for many applications, such as recognising and 

classifying objects in the building. It could be also used in 

emergency situations such as earthquakes to check whether a 

person exists under the rubble. Through the wall sensing is 

highly desirable by emergency workers and the police. 

Accurate through the wall sensing and imaging can help the 

police forces to get a precise description of the person 

movement inside a building, it can also help firefighters to 

locate people who are trapped inside a burning building. 

Through the wall imaging has attracted much interest 

recently particularly for security applications [103]. Through 

the wall imaging uses radio frequency sensors to penetrate 

walls that obscure objects of interest and to map the building 

interior behind the walls. These features make through the 

wall systems more suitable for search and rescue, and covert 

surveillance. Through the wall sensing systems must take into 

account signal attenuation caused by the walls, where the 

attenuation is lower at low frequencies. It must also take into 

account the need for large bandwidths to get a high range 

resolution. The majority of through the wall sensors are UWB 

radars, which have many advantages over classical narrow 

band sensors. Through the wall imaging based on radar 

sensors has drawn significant interest recently [104], [105], 

[106], [107], [108], for both motion detection and static 

imaging. 

In [109] and [110] a series of experiments were 

conducted to investigate the effectiveness of using Wi-Fi 

signals as an illuminator of opportunity for through the wall 

people localisation. In [110] an indoor events detection 

system was proposed by using the time reversal technique to 

detect changes in indoor multipath environments. The 

proposed system enables a single antenna device that operates 

in the Industrial Scientific and Medical (ISM) band to capture 

indoor activities through the walls. The system uses the time 

reversal technique to detect changes in the environment and 

to compress high-dimensional features by mapping the 

multipath profile to the time reversal space, which will enable 

the implementation of fast and simple detection algorithms. 

Furthermore, a real prototype was built to evaluate the 

feasibility and the performance of the system. The 

experimental results showed that the system achieved a 

detection rate of 96.92% with a false alarm rate of less than 

3.08% in both LOS and NLOS environments. However, when 

the person is close to the transmitter or the receiver, the miss 

detection rate increased significantly. 

In [111] a new method for localisation and motion 

tracking through walls was presented. The method takes 

advantage of variations in received signal strength 

measurements caused by people motions. By using a model 

for the multipath channel, they showed that the signal 

strength of a wireless link is highly dependent on the 

multipath components that contain moving objects. A 

mathematical model relating the locations of movement to the 

RSS variance was used to estimate the motion. From that 

motion, the Kalman filter is then used to track the positions 

of the moving objects. The experimental results were 

presented for 34 nodes that perform through the wall tracking 

over an area that covers a 780 square foot. The system was 

able to track a moving object through the walls with a 3ft 

average error approximately. An object that moves in place 

can be localised with 1.5ft average error approximately. 

Authors in [112] designed and implemented a through 

the wall people localisation system. Their methodology 

depends on detecting when people cross the links between the 

receivers and the transmitters. When two Wi-Fi 802.11n 

nodes were used, the methods achieved approximately 100% 

accuracy in detecting line crossings and movement direction. 

They also found that the proposed method achieved 90−100% 

accuracy when a single 802.11n receiver is used. However, 

the systems proposed in [111] and [112] require a large 

number of communication nodes which limits the range of 

applications of these systems. 

 

3.6. Behind the corner sensing  
 

Detecting and localising people situated behind 

obstacles could have many applications, obstacles might 

partially or completely block the propagation of wireless 

signals. Such situations may arise when for instance police 

forces want to inspect a corridor for possible threats before 

entering it. Wi-Fi has the potential for “seeing” behind 

corners using the diffraction and reflection of electromagnetic 

waves, for both indoors and outdoors applications. 
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Darpa developed a multipath exploitation radar 

program [113–115], the system tracks moving objects by 

utilising the multipath effect to maintain the track even when 

the objects are not in the line of sight. The same approach was 

used in [116–118] for behind the corner localisation of mobile 

terminals in urban environments. The multipath represented 

by the multiple echoes that are diffracted and reflected by an 

object and its surrounding environment are usually nuisance 

signals for conventional localisation systems [119, 120]. In 

[121], rather than considering them a nuisance, the multipath 

is used for localisation of people invisible to police forces. In 

addition to the reflection-based multipath, they used the 

diffraction and the combination of diffraction and reflection 

for the localisation. The proposed approach does not need a 

priori information about the geometry of the environment. It 

only needs information about the distance between the walls 

and the antenna, as well as the distance between the corner 

that diffracts the electromagnetic waves and the antenna. This 

information could be either obtained directly from the UWB 

data or extracted from other additional measurement devices. 

This approach could be more suitable for handheld portable 

devices that can be carried by security operators because it 

uses only one monostatic antenna or a small antenna array of 

two collocated transmitting and receiving antennas. They 

showed results of successfully detecting and localising a 

person standing up to five meters away from the corner. The 

precision of the proposed approach depends on the size of the 

object. When only one single path is available, the 

localisation accuracy significantly decreases. In this condition, 

the operator will be notified about the presence of an object. 

Such information could be very important in many security 

situations. One other limitation of the proposed approach is 

that the antenna should be directed toward the diffracting 

corner to increase the power of the diffracted path since it is 

very weak. 

In [122], the authors showed that micro-Doppler 

signatures from person gait could be captured in an urban 

environment by using multipath propagation to illuminate the 

object in NLOS regions. A high-resolution radar system was 

used for data collection. The high resolution will enable 

multipath contributions to be separated individually. Two 

scenarios with 1 and 2 walking users are tested, the 

experimental was arranged to detect the multipath object 

response from up to 5 wall reflections. The main results 

showed that human micro-Doppler signatures could be used 

for classification purposes even after multiple wall reflections. 

In [123] the authors have demonstrated the feasibility 

of X-band radar to detect moving persons behind concrete 

walls. The detection was achieved using stepped-frequency 

radar in a controlled scenario. Different measurements of the 

transmission and reflection properties of the material of the 

wall have indicated low transmission through the used wall 

type, leaving the diffracted, and reflected wave components 

as the main way for the interaction with objects behind the 

wall. However, the main challenge facing the proposed 

system is the multipath propagation. 

 

3.7. Other applications  
 

Emotion recognition is an active research area that has 

drawn growing interest recently from the research community. 

It seeks to answer a simple question: can we build a device 

that senses our emotions. Such a device will enable smart 

homes to react according to our emotions and adjust the music 

or the television accordingly. Movie makers will have new 

interesting tools to evaluate people experience. Advertisers 

will get people reaction immediately. Computers will 

automatically diagnose symptoms of anxiety, depression, and 

bipolar disorder, allowing early detection and response to 

such problems. More broadly, computers will no longer be 

limited to usual commands, it will interact with the users in a 

way similar to the way we interact with each other. Emotions 

can be recognised from body gesture [124] as accurately as 

from faces [125], [126], [127]. The role of the human body in 

expressing emotions has evidence from psychology [128] and 

nonverbal communication [129]. The role of body 

expressions has also been confirmed in emotion detection 

[130], [131], [132]. Walter et al. [128] showed that emotion 

detection from postural expression has similar accuracy to 

detection based on facial expression alone, although hands 

and faces were covered. Bull [133] indicated that dynamic 

configurations of the human body hold a large amount of 

information about emotions. He showed that body motions 

and positions could be used as an indicator of the human state 

such as boredom or interest along with other 14 emotions. 

Other researchers [134], [135] have gone further by 

investigating the contribution of each body parts to particular 

emotional states. Emotion can be detected from simple daily 

life actions [136], [137], [138]. Wi-Fi could play an 

interesting role to detect body pose and gesture, and to use 

this information to recognise human emotions.  

The researchers in [139] presented a new system that 

can recognise user emotions using RF signals that are 

reflected off his body. The system transmits a wireless signal 

and analyses the reflections from the user body to recognise 

his emotions such as happiness, sadness, etc. The key 

building block of the system is a new algorithm that extracts 

the heartbeats from the wireless signal at an accuracy close to 

Electrocardiogram (ECG) monitors. The extracted heartbeats 

are then used to extract features related to emotions, then 

these features are used in a machine learning emotion 

classifier. The researchers demonstrated that the emotion 

recognition accuracy is comparable with the state of the art 

emotion recognition systems based on ECG monitors. The 

accuracy of emotion classification is 87% in the proposed 

system and 88.2% in the ECG based systems. 

Attention is a key measure in human-computer 

interaction. It helps to determine the potential to affect the 

decisions and actions taken by a user for an interactive system 

[140]. The same action could be considered differently 

depending on whether the user was focusing his attention 

towards the system or not. Various definitions that classify 

attention and its characteristics can be found in the literature 

[141], [142]. The tracking of the gaze is a commonly used 

measure of attention [143], other features may also indicate 

attention. Aspects such as effort, saliency, and expectancy are 

important cues that indicate the attention [144], [142], [140], 

[145]. The researchers in [146] discussed various aspects of 

attention, they identified changes in walking direction or 

speed as the most distinguishing factors. In [147] they 

investigated -using wireless signals- how these factors, 

namely the walking direction, the location of the person, and 

the walking speed can be used for detecting and monitoring 

attention.  
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Keystroke privacy is very important to ensure the 

privacy of users and the security of computer systems, where 

what being typed can be sensitive information or passwords. 

The research community has studied many ways to recognise 

keystrokes, which can be grouped into three categories: 

vision-based approaches, electromagnetic-based approaches, 

and acoustic-based approaches. Acoustic-based approaches 

recognise keystrokes based on different typing sounds that 

different keys of a keyboard generate [148, 149]. Acoustic 

based approaches could also recognise keystrokes based on 

the observation that the sound of different keys arrive at 

different times as the keys are at different locations on a 

keyboard [150]. Electromagnetic-based approaches [151] 

recognise keystrokes using the observation that the electronic 

circuit of different keys in a keyboard is different, which will 

result in different electromagnetic emanations. Vision-based 

approaches recognise keystrokes using vision technologies 

[152].  

In [153], it was shown that Wi-Fi signals could be used 

to recognise keystrokes. Wi-Fi signals are now everywhere, 

at offices, home, and shopping centres. The basic idea is that 

while typing a specific key, the fingers and hands of the 

person move in a unique formation, and therefore produce a 

unique time-series pattern of channel state information values, 

which can be called the CSI waveform of that key. The 

keystrokes of the keys produce relatively different multipath 

variations in Wi-Fi signals, which can be used to recognise 

keystrokes. Due to the high data rates of recent Wi-Fi devices, 

Wi-Fi devices produce enough CSI values within the duration 

of a keystroke, which will help in building more accurate 

keystrokes recognition systems. In [153], a keystroke 

database of 10 human subjects was built. The keystroke 

detection rate of the proposed system was 97.5% and the 

recognition accuracy for classifying a single key was 96.4%. 

The proposed system can recognise keystrokes in a 

continuously typing situation with an accuracy of 93.5%. 

However, the system works well only in controlled 

environments. The accuracy of the system is affected by many 

factors such as changes in distance and orientation of 

transceivers, human motions in surrounding areas, typing 

speed, and keyboard size and layout. 

In [154], it was demonstrated that it is possible to use 

Wi-Fi signals to enable hands-free drawing in the air. They 

introduced WiDraw, a hand tracking system that uses Wi-Fi 

signals to track the positions of the user’s hand in both LOS 

and NLOS environments, without requiring the user to hold 

any device. The prototype used a wireless card, less than 5 

cm error on average was reported in tracking the user’s hand. 

They also used the same system to develop an in-air 

handwriting app, a word recognition accuracy of 91% was 

reported. However, one limitation of the proposed system is 

that it requires at least a dozen transmitters in order to be able 

to track the hand with high accuracy. Furthermore, the 3D 

tracking error is higher than the 2D tracking error, the main 

cause for this is the difficulty in accurately tracking depth 

changes. The system achieved high tracking accuracy only 

when the hand is within two feet from the receiver. The error 

starts to increase at larger distances. 

The advantages and limits of performing imaging 

based on Wi-Fi signals were investigated in [155]. They 

presented Wision, a system that enables imaging of objects 

using Wi-Fi signals. The system uses the Wi-Fi signals from 

the environment to enable imaging. The approach uses 

multipath propagation where the signals reflect from objects 

before they arrive at the system. These reflections “illuminate” 

the objects, which the system uses for imaging. However, the 

main challenge is that the system receives a combination of 

reflections from many objects in the environment. The 

evaluation demonstrated the system ability to localise and 

image relatively large objects such as desktops, and couches, 

or objects with high reflective properties such as metallic 

surfaces. Smaller objects with low reflective properties have 

smaller cross-sections and thus reflect a smaller fraction of 

the Wi-Fi signals, which make them harder to image. 

Moreover, when the size of the object becomes close to the 

wavelength of the Wi-Fi signal, which is 12 cm 

approximately at 2.4 GHz, the interaction of the object with 

the Wi-Fi signals decreases. This is a fundamental limitation 

of imaging based on Wi-Fi signals. This fundamental 

limitation could be addressed using higher Wi-Fi frequencies 

such as 5 GHz that has a smaller wavelength of 6 cm 

approximately. Using Wi-Fi signals in imaging still 

represents a significant opportunity with many potential 

applications. Imaging resolution with Wi-Fi signals also 

depends on the antenna array length. The imaging resolution 

can be increased by increasing the length of the antenna array. 

A resolution close to the optimal at 2.4 GHz was reported in 

[155] for the considered array lengths. They observed that the 

resolution does not depend on the number of antennas, but 

rather depends mainly on the length of the antenna array. 

Recent theoretical work has also shown that similar 

resolutions can be achieved with a smaller number of 

antennas given that the length of the antenna array is the same. 

The main constraint they observed with their implementation 

is that smooth metallic objects are acting like mirrors, where 

they could be oriented in such a way making them hidden 

from the view of some transmitter positions. To address this 

issue, one may use antennas with wider radiation patterns or 

optimising the antenna position to maximise their reach. One 

could also use signals from multiple Wi-Fi devices, which are 

more likely to be at various positions. Another approach is 

leveraging the mobility of the device to create images as the 

user moves around. 

4. Discussion and future directions 

During the course of this paper, some challenges 

facing Wi-Fi sensing systems and their applications have 

been identified. These systems still need to address some 

challenges in order to be able to operate in real-world 

environments, some of these challenges include, the presence 

of multipath propagation. The occlusion of the Wi-Fi signal. 

The presence of a large number of people. Furthermore, many 

of the proposed systems work well only in controlled 

environments; the accuracy of these systems is affected by 

many factors such as changes in distance and orientation of 

transceivers, human motions in surrounding areas, etc. 

Finally, Wi-Fi has limited range resolution in comparison 

with other sensing technology such as UWB, which could 

limit the range of applications. When the size of the object 

becomes close to the wavelength of Wi-Fi signals, which is 

12 cm approximately at 2.4 GHz, the interaction of the object 

with the Wi-Fi signals decreases. This is a fundamental 

limitation of Wi-Fi based imaging. This fundamental 

limitation could be addressed using higher Wi-Fi frequencies 
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such as 5 GHz that has a smaller wavelength of 6 cm 

approximately. 

Future works can be grouped in two major areas: bio-

inspired sensing and the application of deep learning in Wi-

Fi sensing 

1) Bio-inspired sensing 

Pigeons are known for using different cues for navigation 

[159], these include odours, infrasound, magnetic and vision 

cues; furthermore, pigeons can adaptively use different cues 

according to the environment. Using pigeons-inspired fusion 

methods to combine information from different sensing 

technology such as vision and sound would result in 

significant improvement of sensing systems. 

2) The application of deep learning in Wi-Fi sensing 

Sobron et al. [160, 161] presented a survey on different 

machine learning models used in human activity recognition 

and people counting. They also presented a new dataset for 

people counting applications with CSI measurements in 

several indoor environments such as rooms, corridors, and 

stairs. The dataset could be used to evaluate the performance 

of different machine learning models. 

The application of deep learning in sensing systems 

represents an interesting research direction that is still in its 

initial stage. Deep learning is a very appealing option because 

it can adapt to real-world imperfections that exists in real-

world environments. Furthermore, it has a remarkable ability 

in extracting useful features and then uses these features in 

different classification tasks. Although some recent works 

have shown promising results [162-167], some challenges 

still need more investigations. Further research must be 

conducted to propose deep learning architectures that best 

suits sensing systems. The performance of neural networks 

highly depends on the used architecture. Current architectures 

used for sensing systems are very simple, and they only use 

conventional architectures. One other promising direction is 

to introduce expert knowledge to current deep learning 

architectures. 

5.  Conclusion 

This paper has presented a survey on different 

applications of the Wi-Fi based sensing systems such as 

elderly people monitoring, activity classification, gesture 

recognition, people counting, through the wall sensing, 

behind the corner sensing, and many other applications. The 

limitations of existing works were also highlighted along with 

many interesting future research directions.  

References 

1. Elert, G.: ‘Electromagnetic Waves’, The physics 

hypertextbook, 2018. 

2. Maxwell, J. C.: ‘A Dynamical theory of electromagnetic 

field’, Philosophical Transactions of the Royal Society 

of London, 155, 1865, pp. 459-512. 

3. Klooster, J.: ‘Icons of invention: the makers of the 

modern world from Gutenberg to Gates’, ABC-CLIO, 

2009. 

4. Kostenko, A. A., Nosich, I., and Tishchenko, I. A.: 

‘Radar Prehistory, Soviet Side’, Proc of IEEE APS 

International Symposium, 2001, 4, pp. 44. 

5. Skolnik, M. I.: ‘Radar handbook’, 1970. 

6. Misra, P., Enge, P.: ‘Global Positioning system: signals, 

measurements, and performance second edition’, 

Massachusetts, Ganga-Jamuna Press, 2006. 

7. Stuber, G. L.: ‘Principle of mobile communication’, 

Norwell, Mass, USA, Kluwer Academic, 1996. 

8. Ohrtman, F., Roeder, K.: ‘Wi-Fi handbook: building 

802.11b wireless networks’, NY, McGraw-Hill, 2003. 

9. Jiang, H., Cai, C., Ma, X., Yang, Y., Liu, J.: ‘Smart 

Home based on WiFi Sensing: A Survey’, IEEE Access, 

6, 2018. 

10. Wang, J., Gao, Q., Pan, M., Fang, Y.: ‘Device-Free 

Wireless Sensing: Challenges, Opportunities, and 

Applications’, IEEE Network, 32, (2), 2018. 

11. Wang, B., Xu, Q., Chen, C., Zhang, F., Liu, K. R.: ‘The 

Promise of Radio Analytics: A Future Paradigm of 

Wireless Positioning, Tracking, and Sensing’ IEEE 

Signal Processing Magazine, 35, (3), 2018. 

12. Kalal, Z., Mikolajczyk, K., Matas, J.: ‘Tracking-

learning-detection’ IEEE transactions on pattern 

analysis and machine intelligence, 34, (7), 2012, pp. 

1409-1422. 

13. Kwon, J., Lee, K. M.: ‘Visual tracking decomposition’ 

In IEEE Conference on Computer Vision and Pattern 

Recognition (CVPR), June 2010, pp. 1269-1276. 

14. Ahmad, F., and Amin, M.: ‘Through-the-wall human 

motion indication using sparsity-driven change 

detection’, In IEEE Transactions on Geoscience and 

Remote Sensing, 2013.  

15. Ram, S., and Ling, H.: ‘Through-wall tracking of human 

movers using joint doppler and array processing’, In 

Geoscience and Remote Sensing, 2008.  

16. Falcone, P., Colone, F., and Lombardo, P.: 

‘Potentialities and Challenges of WiFi-Based Passive 

Radar’ IEEE Aerospace and Electronic Systems 

Magazine, November 2012. 

17. Colone, F., Woodbridge, K., Guo, H., Mason, D., and 

Baker, C.J.: ‘Ambiguity function analysis of wireless 

LAN transmissions for passive radar’ IEEE Trans. 

Aerosp. Electron. Syst, 47, (1), 2011, pp. 240-264. 

18. Falcone, P., Colone, F., Bongioanni, C., and Lombardo, 

P.: ‘Experimental Results for OFDM WiFi-Based 

Passive Bistatic Radar’ IEEE International Radar 

Conference, Washington DC, USA, 10-14 May 2010. 

19. Guo, H., Woodbridge, K., and Baker, C. J.: ‘Evaluation 

of WiFi beacon transmissions for wireless based passive 

radar’, In IEEE Radar Conference, May 2008, pp. 1-6.  

20. Chetty, K., Smith, G., Guo, H., Woodbridge, K.: ‘Target 

detection in high clutter using passive bistatic WiFi 

radar’ Proc. IEEE Radar Conf, Pasadena, CA, USA, 

May 2009, pp. 1-5. 

21. Adib, F., Kabelac, Z., and Katabi, D.: ‘Multi-person 

localization via RF body reflections’ In Proceedings of 

the 12th USENIX Conference on Networked Systems 

Design and Implementation, Oakland USA, May 2015, 

pp. 279-292. 

22. Woyach, K., Puccinelli, D., and Haenggi, M.: 

‘Sensorless sensing in wireless networks: 

implementation and measurements’, In Proceedings of 

the Second International Workshop on Wireless 

Network Measurement (WiNMee), 2006. 

23. Muthukrishnan, K., Lijding, M., Meratnia, N., and 

Havinga, P.: ‘Sensing motion using spectral and spatial 

Auto-generated PDF by ReView The Journal of Engineering

IETJournal.docx MainDocument IET Review Copy Only 11

This article has been accepted for publication in a future issue of this journal, but has not been fully edited.
Content may change prior to final publication in an issue of the journal. To cite the paper please use the doi provided on the Digital Library page.



11 

 

analysis of WLAN RSSI’, In Proceedings of Smart 

Sensing and Context, 2007. 

24. Anderson, I., and Muller, H.: ‘Context awareness via 

gsm signal strength fluctuation’, In 4th international 

conference on pervasive computing, late breaking 

results, 2006. 

25. Sohn, T., Varshavsky, A., LaMarca, A., Chen, M. Y., 

Choudhury, T., Smith, I., Consolvo, S., Hightower, J., 

Grisworld, W. G., and de Lara, E.: ‘Mobility detection 

using everyday gsm traces’, In Proceedings of the 8th 

international conference on Ubiquitous computing, 

2006. 

26. Moustafa, Y., Mah, M., and Agrawala, A.: ‘Challenges: 

device-free passive localization for wireless 

environments’, Proceedings of the 13th annual ACM 

international conference on Mobile computing and 

networking, ACM. NY, USA, 2007, pp. 222-229. 

27. Bocca, M., Gupta, S., Kaltiokallio, O., Mager, B., Tate, 

Q., Kasera, S., Patwari, N., and Venkatasubramanian, 

S.: ‘RF-based Device-Free Localization and Tracking 

for Ambient Assisted Living’, In Proc. EvAAL 

Workshop, 2012, pp. 1-4. 

28. Wilson, J., and Patwari, N.: ‘Radio tomographic 

imaging with wireless networks’ Mobile Computing, 

IEEE Transactions on, 9, (5), 2010, pp. 621-632. 

29. Wilson, J., and Patwari, N.: ‘A fade-level skew-Laplace 

signal strength model for device-free localization with 

wireless networks’, Mobile Computing, IEEE 

Transactions on, 11, (6), 2012, pp. 947-958. 

30. Kosba, A. E., Saeed, A., and Youssef, M.: ‘Rasid: A 

robust WLAN device-free passive motion detection 

system’, in IEEE International Conference on Pervasive 

Computing and Communications (PerCom), 2012. 

31. Lee, P. W. Q., Seah, W. K. G., Tan, H.P., and Yao, Z.: 

‘Wireless sensing without sensors - an experimental 

study of motion/intrusion detection using rf 

irregularity’, Measurement science and technology, 21, 

2010. 

32. Wu, K., Xiao, J., Yi, Y., Gao, M., and Ni, L.M.: ‘Fila: 

Fine-grained indoor localization’, In INFOCOM, 

Proceedings IEEE, March 2012, pp. 2210-2218. 

33. Wang, Y., Liu, J., Chen, Y., Gruteser, M., Yang, J., and 

Liu, H.: ‘E-eyes: device-free location-oriented activity 

identification using fine-grained wifi signatures’, In 

Proceedings of the 20th annual international conference 

on Mobile computing and networking, September 2014, 

pp. 617-628. 

34. Amin, M. G., Zhang, Y. D., Ahmad, F., Ho, K.D.: 

‘Radar signal processing for elderly fall detection: The 

future for in-home monitoring’, IEEE Signal Processing 

Magazine, 33, (2), 2016, pp.71-80. 

35. Alwan, M., Rajendran, P. J., Kell, S., Mack, D., Dalal, 

S., Wolfe, M., and Felder, R.: ‘A smart and passive 

floor-vibration based fall detector for elderly’ in 

Information and Communication Technologies, 

ICTTA’06. 2nd, 1. IEEE, 2006, pp. 1003–1007. 

36. Rimminen, H., Lindstrom, J., Linnavuo, M., and 

Sepponen, R.: ‘Detection of falls among the elderly by 

a floor sensor using the electric near field’, Information 

Technology in Biomedicine, IEEE Transactions on, 14, 

(6), 2010, pp. 1475–1476.  

37. Li, Y., Ho, K., and Popescu, M.: ‘A microphone array 

system for automatic fall detection’, Biomedical 

Engineering, IEEE Transactions on, 59, (5), 2012, pp. 

1291–1301.  

38. Foroughi, H., Naseri, A., Saberi, A., and Yazdi, H. S.: 

‘An eigenspace-based approach for human fall detection 

using integrated time motion image and neural network’ 

in Signal Processing, ICSP 2008. 9th International 

Conference on. IEEE, 2008, pp. 1499–1503. 

39. Foroughi, H., Aski, B. S., and Pourreza, H.: ‘Intelligent 

video surveillance for monitoring fall detection of 

elderly in home environments’, in Computer and 

Information Technology, ICCIT 2008. 11th 

International Conference on. IEEE, 2008, pp. 219–224.  

40. Fu, Z., Culurciello, E., Lichtsteiner, P., and Delbruck, 

T.: ‘Fall detection using an address-event temporal 

contrast vision sensor’, in Circuits and Systems, ISCAS 

2008. IEEE International Symposium on. IEEE, 2008, 

pp. 424–427. 

41. Bianchi, F., Redmond, S. J., Narayanan, M. R., Cerutti, 

S., and Lovell, N. H.: ‘Barometric pressure and triaxial 

accelerometry-based falls event detection’, Neural 

Systems and Rehabilitation Engineering, IEEE 

Transactions on, 18, (6), 2010, pp. 619–627.  

42. Selvabala, V., and Ganesh, A. B.: ‘Implementation of 

wireless sensor network based human fall detection 

system’, Procedia Engineering, 30, 2012, pp. 767–773.  

43. Dai, J., Bai, X., Yang, Z., Shen, Z., and Xuan, D.: 

‘Perfalld: A pervasive fall detection system using 

mobile phones’, in Pervasive Computing and 

Communications Workshops (PERCOM Workshops), 

2010 8th IEEE International Conference on. IEEE, 

2010, pp. 292–297.  

44. Cao, Y., Yang, Y., and Liu, W.: ‘E-falld: A fall 

detection system using android-based smartphone’, in 

Fuzzy Systems and Knowledge Discovery (FSKD), 9th 

International Conference on. IEEE, 2012, pp. 1509– 

1513. 

45. Liu, L., Popescu, M., Skubic, M., Rantz, M., Yardibi, 

T., and Cuddihy, P.: ‘Automatic fall detection based on 

Doppler radar motion’, in Proc. 5th Int. Conf. Pervasive 

Computing Technologies for Healthcare, Dublin, 

Ireland, May 2011, pp. 222–225.  

46. Tomii, S. and Ohtsuki, T.: ‘Falling detection using 

multiple Doppler sensors’ in Proc. IEEE Int. Conf. e-

Health Networking, Applications and Services, Beijing, 

China, Oct 2012, pp. 196–201.  

47. Wu, M., Dai, X., Zhang, Y. D., Davidson, B., Zhang, J., 

and Amin, M. G.: ‘Fall detection based on sequential 

modeling of radar signal time-frequency features’, in 

Proc. IEEE Int. Conf. Healthcare Informatics, 

Philadelphia, PA, Sept 2013, pp. 169–174.  

48. Wang, F., Skubic, M., Rantz, M., and Cuddihy, P. E.: 

‘Quantitative gait measurement with pulse-Doppler 

radar for passive in-home gait assessment’, IEEE Trans. 

Biomed. Eng., 61, (9), Sept 2014, pp. 2434–2443.  

49. Gadde, A., Amin, M. G., Zhang, Y. D., and Ahmad, F.: 

‘Fall detection and classification based on time-scale 

radar signal characteristics’, in Proc. SPIE, Baltimore, 

MD, May 2014, pp. 1–9. 

50. Wu, Q., Zhang, Y. D., Tao, W., and Amin, M. G.: 

‘Radar-based fall detection based on Doppler time-

frequency signatures for assisted living’, IET Radar 

Sonar Navig, 9, (2), Feb 2015, pp. 164–172.  

Auto-generated PDF by ReView The Journal of Engineering

IETJournal.docx MainDocument IET Review Copy Only 12

This article has been accepted for publication in a future issue of this journal, but has not been fully edited.
Content may change prior to final publication in an issue of the journal. To cite the paper please use the doi provided on the Digital Library page.



12 

 

51. Su, B. Y., Ho, K. C., Rantz, M. J., and Skubic, M.: 

‘Doppler radar fall activity detection using the wavelet 

transform’, IEEE Trans. Biomed. Eng., 62, (3), Mar 

2015, pp. 865–875. 

52. Sachs, J., and Herrmann, R.: ‘M-sequence based ultra-

wideband sensor network for vitality monitoring of 

elders at home’, IET Radar Sonar and Navig, 9, (2), Feb 

2015, pp. 125–137.  

53. Cuddihy, P. E., Ashe, J. M., Bufi, C.N., and Genc, S.: 

‘Radar based systems and methods for detecting a fallen 

person’ U.S. Patent 8742935 B2, June 3, 2014.  

54. Cammenga, Z. A., Smith, G. E., and Baker, C. J.: 

‘Combined high range resolution and micro-Doppler 

analysis of human gait’, in Proc. IEEE Int. Radar Conf., 

Arlington, VA, May 2015, pp. 1038–1043. 

55. Wang, Y., Wu, K., and Ni, L.M.: ‘Wifall: Device-free 

fall detection by wireless networks’, IEEE Transactions 

on Mobile Computing, 16, (2), 2017, pp. 581-594. 

56. Patwari, N., Wilson, J., Ananthanarayanan, S., Kasera, 

S. K., and Westenskow, D.: ‘Monitoring breathing via 

signal strength in wireless networks’, Submitted to 

IEEE Transactions on Mobile Computing, 18 Sept., 

2011, available: arXiv:1109.3898v1. 

57. Hu, W., Tab, T., Wang, L., and Maybank, S.: ‘A survey 

on visual surveillance of object motion and behaviors’, 

IEEE Trans. Syst. Man Cybern Part C: App. and 

Reviews, 34, (3), pp. 334–352, 2004. 

58. Berchtold, M., Budde, M., Gordon, D., Schmidtke, H. 

R., and Beigl, M.: ‘Actiserv: Activity recognition 

service for mobile phones’, in International Symposium 

on Wearable Computers (ISWC), 2010, pp. 1–8. 

59. Bao, L., and Intille, S. S.: ‘Activity recognition from 

user-annotated acceleration data’, in Proceedings of 

PERVASIVE, LNCS 3001, 2004. 

60. Schmidt, A., Shirazi, A., and van Laerhoven, K.: ‘Are 

you in bed with technology?’, Pervasive Computing, 

IEEE, 11, (4), 2012, pp. 4–7. 

61. Chaquet, J. M., Carmona, E. J., and Fern´aNdez-

Caballero, A.: ‘A survey of video datasets for human 

action and activity recognition’, Comput. Vis. Image 

Underst, 117, (6), Jun 2013, pp. 633–659. 

62. Aggarwal, J., and Ryoo, M.: ‘Human activity analysis: 

A review’, ACM Computing Surveys, 43, (3), Apr 

2011. 

63. Han, J., and Bhanu, B.: ‘Human activity recognition in 

thermal infrared imagery’, in Computer Vision and 

Pattern Recognition - Workshops, CVPR Workshops. 

IEEE Computer Society Conference on, 2005, pp. 17–

17. 

64. Holmquist, L. E., Mattern, F., Schiele, B., Alahuhta, P., 

Beigl, M., and Gellersen, H. W.: ‘Smart-its friends: A 

technique for users to easily establish connections 

between smart artefacts’, in Proceedings of the 3rd 

International Conference on Ubiquitous Computing, 

2001. 

65. Robert J. O., and Gregory, D. A.: ‘The smart floor: a 

mechanism for natural user identification and tracking’, 

in Proceedings of the CHI 2000 Conference on Human 

Factors in Computing Systems, 2000. 

66. Want, R., Hopper, A., Falcao, V., and Gibbons, J.: ‘The 

active badge location system’, in ACM Transactions on 

Information Systems, 1, (10), 1992, pp. 91–102. 

67. Priyantha, N. B., Chakraborty, A., and Balakrishnan, H.: 

‘The cricket location-support system’, in Proceedings of 

the Sixth Annual International Conference on Mobile 

Computing and Networking, 2000. 

68. Sigg, S., Scholz, M., Shi, S., Ji, Y., and Beigl, M.: ‘Rf-

sensing of activities from non-cooperative subjects in 

device-free recognition systems using ambient and local 

signals’, IEEE Transactions on Mobile Computing, 99, 

2013. 

69. Sigg, S., Shi, S., and Ji, Y.: ‘Rf-based device-free 

recognition of simultaneously conducted activities’, in 

Adjunct Proceedings of the 2013 ACM International 

Joint Conference on Pervasive and Ubiquitous 

Computing (UbiComp 2013), ser. UbiComp ’13, 2013. 

70. Scholz, M., Riedel, T., Hock, M., and Beigl, M.: 

‘Device-free and device- bound activity recognition 

using radio signal strength full paper’ in Augmented 

Human, 2013. 

71. Sigg, S., Blanke, U., and Troster, G.: ‘The telepathic 

phone: Frictionless activity recognition from Wi-Fi 

RSSI’, In Pervasive Computing and Communications 

(PerCom), IEEE International Conference on, March 

2014, pp. 148-155. 

72. Reschke, M., Starosta, J., Schwarzl, S., and Sigg, S.: 

‘Situation awareness based on channel measurements’, 

in Vehicular Technology Conference (VTC Spring), 

IEEE 73rd, 2011. 

73. Reschke, M., Schwarzl, S., Starosta, J., Sigg, S., and 

Beigl, M.: ‘Context awareness through the rf-channel’, 

in Proceedings of the 2nd workshop on Context-

Systems Design, Evaluation and Optimisation, 2011. 

74. Sigg, S., Beigl, M., and Banitalebi, B.: ‘Efficient 

adaptive communication from multiple resource 

restricted transmitters’ ser. Organic Computing - A 

Paradigm Shift for Complex Systems, Autonomic 

Systems Series. Springer, 2011. 

75. Scholz, M., Sigg, S., Shihskova, D., von Zengen, G., 

Bagshik, G., Guenther, T., Beigl, M., and Ji, Y.: 

‘Sensewaves: Radiowaves for context recognition’, in 

Video Proceedings of the 9th International Conference 

on Pervasive Computing (Pervasive 2011), Jun 2011. 

76. Xu, C., Firner, B., Moore, R. S., Zhang, Y., Trappe, W., 

Howard, R., Zhang, F., and An, N.: ‘Scpl: Indoor 

device-free multi-subject counting and localization 

using radio signal strength’, in The 12th ACM/IEEE 

Conference on Information Processing in Sensor 

Networks (ACM/IEEE IPSN), 2013. 

77. Sigg, S., Scholz, M., Shi, S., Ji, Y., and Beigl, M.: ‘Rf-

sensing of activities from non-cooperative subjects in 

device-free recognition systems using ambient and local 

signals’, IEEE Transactions on Mobile Computing, 13, 

(4), 2013. 

78. Li, H., Ota, K., Dong, M., Guo, M.: ‘Learning Human 

Activities through Wi-Fi Channel State Information 

with Multiple Access Points’, IEEE Communications 

Magazine, 56, (5), 2018. 

79. Microsoft Kinect. Available online: 

http://www.microsoft.com/en-us/kinectforwindows, 

November 2012. 

80. Aumi, M. T. I., Gupta, S., Goel, M., Larson E., and 

Patel, S.: ‘Doplink: Using the Doppler effect for multi-

device interaction’ In Proceedings of the ACM 

Auto-generated PDF by ReView The Journal of Engineering

IETJournal.docx MainDocument IET Review Copy Only 13

This article has been accepted for publication in a future issue of this journal, but has not been fully edited.
Content may change prior to final publication in an issue of the journal. To cite the paper please use the doi provided on the Digital Library page.



13 

 

international joint conference on Pervasive and 

ubiquitous computing, September 2013, pp. 583-586. 

81. Gupta, S., Morris, D., Patel, S., and Tan, D.: 

‘Soundwave: using the Doppler effect to sense 

gestures’, In Proceedings of the SIGCHI Conference on 

Human Factors in Computing Systems, May 2012, pp. 

1911-1914. 

82. Abdelnasser, H., Youssef, M., Harras, K.A.: ‘WiGest: 

A ubiquitous WiFi-based gesture recognition system’, 

In Proceedings of 2015 IEEE Conference on Computer 

Communications (INFOCOM), Kowloon, HongKong, 

China, 26 April–1 May, 2015, pp. 1472–1480. 

83. Cohn, G., Morris, D., Patel, S.N., and Tan, D.S.: ‘Your 

noise is my command: sensing gestures using the body 

as an antenna’, In Proceedings of the SIGCHI 

Conference on Human Factors in Computing Systems, 

May 2011, pp. 791-800. 

84. Pu, Q., Gupta, S., Gollakota, S., Patel, S.: ‘Whole-home 

gesture recognition using wireless signals’ In 

Proceedings of the 19th Annual International 

Conference on Mobile Computing and Networking, 

Miami, FL, USA, 30 September – 4 October, 2013, pp. 

27–38. 

85. Wang, G., Zou, Y., Zhou, Z., Wu, K., and Ni, L.M.: ‘We 

can hear you with wi-fi’, IEEE Transactions on Mobile 

Computing, 15, (11), 2016, pp. 2907-2920. 

86. Venkatnarayan, R. H., Page, G., Shahzad, M.: ‘Multi-

User Gesture Recognition Using WiFi’, In Proceedings 

of the 16th Annual International Conference on Mobile 

Systems, Applications, and Services, Jun 2018, pp. 401-

413. 

87. Depatla, S., Muralidharan, A., and Mostofi, Y.: 

‘Occupancy estimation using only WiFi power 

measurements’ IEEE Journal on Selected Areas in 

Communications, 33, (7), 2015, pp. 1381-1393. 

88. Xu, C., Firner, B., Moore, R. S., Zhang, Y., Trappe, W., 

Howard, R., Zhang, F., and An, N.: ‘SCPL: Indoor 

device-free multi-subject counting and localization 

using radio signal strength’, In Proceedings of the 12th 

international conference on Information Processing in 

Sensor Networks, pp. 79–90. ACM, 2013. 

89. Seifeldin, M., Saeed, A., Kosba, A. E., El-Keyi, A., and 

Nuzzer, M. Y.: ‘A large-scale device-free passive 

localization system for wireless environments’, Mobile 

Computing, IEEE Transactions on, 12, (7), 2013, pp. 

1321–1334. 

90. Nakatsuka, M., Iwatani, H., and Katto, J.: ‘A study on 

passive crowd density estimation using wireless 

sensors’, In The 4th Intl. Conf. on Mobile Computing 

and Ubiquitous Networking, 2008. 

91. Xi, W., Zhao, J., Li, X., Zhao, K., Tang, S., Liu, X., and 

Jiang, Z.: ‘Electronic frog eye: Counting crowd using 

wifi’, In Infocom, proceedings IEEE, 2014, pp. 361-

369. 

92. Lv, H., Liu, M., Jiao, T., Zhang, Y., Yu, X., Li, S., Jing, 

X., and Wang, J.: ‘Multi-target human sensing via UWB 

bio-radar based on multiple antennas’, In TENCON 

2013 IEEE Region 10 Conference (31194) IEEE, 2013, 

pages 1–4. 

93. He, J., and Arora, A.: ‘A regression-based radar-mote 

system for people counting’, In Pervasive Computing 

and Communications (PerCom), 2014 IEEE 

International Conference on, 2014, pp. 95–102. 

94. Xi, W., Zhao, J., Li, X.Y., Zhao, K., Tang, S., Liu, X., 

and Jiang, Z.: ‘Electronic frog eye: Counting crowd 

using wifi’, In Infocom, proceedings, April 2014, pp. 

361-369. 

95. Yuan, Y., Qiu, C., Xi, W., and Zhao, J.: ‘Crowd density 

estimation using wireless sensor networks’, in 

Proceedings of MSN 2011, pp. 138–145.  

96. Xu, C., Firner, B., Zhang, Y., Howard, R., Li, J., and 

Lin, X.: ‘Improving rf-based device-free passive 

localization in cluttered indoor environments through 

probabilistic classification methods’, in Proceedings of 

IPSN 2012, pp. 209–220.  

97. Arai, M., Kawamura, H., and Suzuki, K.: ‘Estimation of 

ZigBee's RSSI fluctuated by crowd behavior in indoor 

space’, in Proceedings of SICE 2010, pp. 696–701. 

98. Zhang, D., Liu, Y., and Ni, L.M.: ‘Rass: A real-time, 

accurate and scalable system for tracking transceiver-

free objects’, in Proceedings of PerCom 2011, pp. 197–

204.  

99. Kaltiokallio, O., Bocca, M., and Patwari, N.: 

‘Enhancing the accuracy of radio tomographic imaging 

using channel diversity’, in Proceedings of MASS 2012.  

100. Nakatsuka, M., Iwatani, H., and Katto, J.: ‘A study on 

passive crowd density estimation using wireless 

sensors’ in Proceedings of ICMU 2008. 

101. Patwari, N., and Wilson, J.: ‘Spatial models for human 

motion-induced signal strength variance on static links’, 

IEEE Transactions on Information Forensics and 

Security, 6, (3), 2011, pp. 791–802. 

102. Xu, C., Firner, B., Moore, R. S., Zhang, Y., Trappe, W., 

Howard, R., Zhang, F., and An, N.: ‘Scpl: Indoor 

device-free multi-subject counting and localization 

using radio signal strength’ in Proceedings of IPSN 

2013. 

103. Amin, M.: ‘Through-the-Wall Radar Imaging’, Boca 

Raton, CRC Press, 2010. 

104. Aryanfar, F., and Sarabandi, K.: ‘Through wall imaging 

at microwave frequencies using space-time focusing’ in 

IEEE Antennas and Propagation Society International 

Symposium (APS’04), 3, June 2004, pp. 3063–3066. 

105. Lin, A., and Ling, H.: ‘Through-wall measurements of 

a Doppler and direction-of-arrival (DDOA) radar for 

tracking indoor movers’ in IEEE Antennas and 

Propagation Society International Symposium 

(APS’05), 3B, July 2005, pp. 322–325. 

106. Lin, M., Zhongzhao, Z., and Xuezhi, T.: ‘A novel 

through-wall imaging method using ultra-wideband 

pulse system’ in IEEE Intl. Conf. Intelligent 

Information Hiding and Multimedia Signal Processing, 

June 2006, pp. 147–150. 

107. Song, L. P., Yu, C., and Liu, Q. H.: ‘Through-wall 

imaging (TWI) by radar: 2-D tomographic results and 

analyses’, IEEE Transactions on Geoscience and 

Remote Sensing, 43, Dec 2005, pp. 2793–2798. 

108. Vertiy, A., Gavrilov, S., Stepanyuk, V., and 

Voynovskyy, I.: ‘Through-wall and wall microwave 

tomography imaging’ in IEEE Antennas and 

Propagation Society International Symposium 

(APS’04), 3, June 2004, pp. 3087–3090. 

109. Chetty, K., Smith, G.E., and Woodbridge, K.: ‘Through-

the-wall sensing of personnel using passive bistatic Wi-

Fi radar at standoff distances’, IEEE Transactions on 

Auto-generated PDF by ReView The Journal of Engineering

IETJournal.docx MainDocument IET Review Copy Only 14

This article has been accepted for publication in a future issue of this journal, but has not been fully edited.
Content may change prior to final publication in an issue of the journal. To cite the paper please use the doi provided on the Digital Library page.



14 

 

Geoscience and Remote Sensing, 50, (4), 2012, 

pp.1218-1226. 

110. Xu, Q., Chen, Y., Wang, B., and Liu, K.R.: ‘TRIEDS: 

Wireless Events Detection Through the Wall’, IEEE 

Internet of Things Journal, 2017. 

111. Wilson, J., and Patwari, N.: ‘Through-wall tracking 

using variance-based radio tomography networks’, 

arXiv preprint arXiv:0909.5417, 2009. 

112. Banerjee, A., Maas, D. , Bocca, M., Patwari, N., and 

Kasera, S.: ‘Violating privacy through walls by passive 

monitoring of radio windows’ In Proceedings of the 

2014 ACM conference on Security and privacy in 

wireless & mobile networks, July 2014, pp. 69-80. 

113. Baranoski, E. J.: ‘Multipath exploitation radar industry 

day’, Presented at the Defense Advanced Research 

Projects Agency Strategic Technology Office, 

Arlington, VA, July 2007.  

114. Durek, J.: ‘Multipath exploitation radar data collection 

review’, Presented at the Defense Advanced Research 

Projects Agency Strategic Technology Office, 

Arlington, VA, April 2009.  

115. Fertig, L. B., Baden, M. J., Kerce, J. C., and Sobota, D.: 

‘Localization and tracking with multipath exploitation 

radar’, In IEEE Radar Conference, Atlanta, GA, May 

2012, pp. 1014–1018.  

116. Algeier, V., Demissie, B., Koch, W., and Thoma, R.: 

‘Track initiation for blind mobile terminal position 

tracking using multipath propagation’, In 11th 

International Conference on Information Fusion, 

Cologne, Germany, June–July 2008.  

117. Algeier, V., Demissie, B., Koch, W., and Thoma, R.: 

‘State space initiation for blind mobile terminal position 

tracking’, EURASIP Journal on Advances in Signal 

Processing, 2008.  

118. Algeier, V.: ‘Blind Localization of Mobile Terminals in 

Urban Scenarios’, Ilmenau, Germany: Isle 

Steuerungstechnik und Leistungselektronik, 2010.  

119. Chen, X., Dovis, F., Peng, S., and Morton, Y.: 

‘Comparative studies of GPS multipath mitigation 

methods performance’ IEEE Transactions on Aerospace 

and Electronic Systems, 49, (3), 2013, pp. 1555–1568.  

120. Daneshmand, S., Broumandan, A., Sokhandan, N., and 

Lachapelle, G.: ‘GNSS multipath mitigation with a 

moving antenna array’, IEEE Transactions on 

Aerospace and Electronic Systems, 49, (1), 2013, pp. 

693–698. 

121. Zetik, R., Eschrich, M., Jovanoska, S., and Thoma, R.S.: 

‘Looking behind a corner using multipath-exploiting 

UWB radar’, IEEE Transactions on aerospace and 

electronic systems, 51, (3), 2015, pp.1916-1926. 

122. Gustafsson, M., Andersson, A., Johansson, T., Nilsson, 

S., Sume, A. and Orbom, A.: ‘Extraction of Human 

Micro-Doppler Signature in an Urban Environment 

Using a Sensing-Behind-the-Corner Radar’, IEEE 

Geoscience and Remote Sensing Letters, 13, (2), 2016, 

pp.187-191. 

123. Sume, A., Gustafsson, M., Herberthson, M., Janis, A., 

Nilsson, S., Rahm, J., and Orbom, A. ‘Radar detection 

of moving targets behind corners’, IEEE Transactions 

on Geoscience and Remote Sensing, 49, (6), 2011, pp. 

2259-2267. 

124. Jaggarwal, A., and Canosa, R. L.: ‘Emotion recognition 

using body gesture and pose’, available online: 

http://www.cs.rit.edu/∼axj4159/papers march/report 

1.pdf, 2012. 

125. Nguyen, M. R. A., Chen, W.: ‘The role of human body 

expression in affect detection: A review’, in 10th Asia 

Pacific Conference on Computer Human Interaction 

(APCHI 2012), 2012.  

126. Castellano, G., Kessous, L., and Caridakis, G.: 

‘Emotion recognition through multiple modalities: face, 

body gesture, speech’ in Affect and emotion in human-

computer interaction, Springer, 2008, pp. 92–103. 

127. Meeren, H. K., van Heijnsbergen, C. C., and de Gelder, 

B.: ‘Rapid perceptual integration of facial expression 

and emotional body language’, Proceedings of the 

National Academy of Sciences of the United States of 

America, 102, (45), 2005, pp. 16518–16523.  

128. Walters, K., and Walk, R.: ‘Perception of emotion from 

body posture’, Bulletin of the Psychonomic Society, 24, 

(5), 1986.  

129. Dittmann, A. T.: ‘The role of body movement in 

communication’, Nonverbal behavior and 

communication, 1978, pp. 69–95.  

130. Wallbott, H. G.: ‘Bodily expression of emotion’, 

European journal of social psychology, 28, (6), 1998, 

pp. 879–896.  

131. Van Heijnsbergen, C., Meeren, H., Grezes, J., and de 

Gelder, B.: ‘Rapid detection of fear in body expressions, 

an erp study’, Brain research, 1186, 2007, pp. 233–241.  

132. Atkinson, A. P., Tunstall, M. L., and Dittrich, W. H.: 

‘Evidence for distinct contributions of form and motion 

information to the recognition of emotions from body 

gestures’ Cognition, 104, (1), 2007, pp. 59–72.  

133. Bull, P. E.: ‘Posture and gesture’, Pergamon press, 

1987.  

134. De Meijer, M.: ‘The contribution of general features of 

body movement to the attribution of emotions,’ Journal 

of Nonverbal behavior, 13, (4), 1989, pp. 247–268.  

135. Montepare, J., Koff, E., Zaitchik, D., and Albert, M.: 

‘The use of body movements and gestures as cues to 

emotions in younger and older adults’ Journal of 

Nonverbal Behavior, 23, (2), 1999, pp. 133–152.  

136. Crane, E., and Gross, M.: ‘Motion capture and emotion: 

Affect detection in whole body movement’, in Affective 

computing and intelligent interaction, Springer, 2007, 

pp. 95–101. 

137. Bernhardt, D. and Robinson, P.: ‘Detecting effect from 

non-stylised body motions’ in Affective Computing and 

Intelligent Interaction, Springer, 2007, pp. 59–70. 

138. Lagerlof, I. and Djerf, M.: ‘Children’s understanding of 

emotion in dance’ European Journal of Developmental 

Psychology, 6, (4), 2009, pp. 409–431.  

139. Zhao, M., Adib, F., and Katabi, D.: ‘Emotion 

recognition using wireless signals’, In Proceedings of 

the 22nd Annual International Conference on Mobile 

Computing and Networking, October 2016, pp. 95-108. 

140. Xu, Y., Stojanovic, N., Stojanovic, L., and Schuchert, 

T.: ‘Efficient human attention detection based on 

intelligent complex event processing’, in Proceedings of 

the 6th ACM International Conference on Distributed 

Event-Based Systems, 2012, pp. 379–380.  

141. Wu, F., and Hubermann, B.: ‘Novelty and collective 

attention’, in Proceedings of the National Academics of 

Sciences, 104, (45), 2007, pp. 17599–17601. 

Auto-generated PDF by ReView The Journal of Engineering

IETJournal.docx MainDocument IET Review Copy Only 15

This article has been accepted for publication in a future issue of this journal, but has not been fully edited.
Content may change prior to final publication in an issue of the journal. To cite the paper please use the doi provided on the Digital Library page.



15 

 

142. Wickens, C.: ‘Processing resources in attention’, 

Academic Press, 1984.  

143. Yonezawa, T., Yamazoe, H., Utsumi, A., and Abe, S.: 

‘Gaze-communicative behavior of stuffed-toy robot 

with joint attention and eye contact based on ambient 

gaze-tracking’, in ICMI, 2007, pp. 140– 145. 

144. Wickens, C., and McCarley, J.: ‘Applied attention 

theory’, CRC Press, 2008.  

145. Gollan, B., Wally, B., and Ferscha, A.: ‘Automatic 

attention estimation in an interactive system based on 

behaviour analysis’, in Proceedings of the 15th 

Portuguese Conference on Artificial Intelligence 

(EPIA2011), 2011.  

146. Ferscha, A., Zia, K., and Gollan, B.: ‘Collective 

attention through public displays’, in IEEE Sixth 

International Conference on Self-Adaptive and Self-

Organizing Systems (SASO), 2012, pp. 211–216. 

147. Shi, S., Sigg, S., Zhao, W., and Ji, Y.: ‘Monitoring of 

attention from ambient FM-radio signals’ IEEE 

Pervasive Computing, Special Issue - Managing 

Attention in Pervasive Environments, 2014. 

148. Asonov, D., and Agrawal, R.: ‘Keyboard acoustic 

emanations’, In IEEE Symposium on Security and 

Privacy, pp. 3–3, 2012.  

149. Zhuang, L., Zhou, F., and Tygar, J. D.: ‘Keyboard 

acoustic emanations revisited’ ACM Transactions on 

Information and System Security (TISSEC), 13, (1), 

2009.  

150. Zhu, T., Ma, Q., Zhang, S., and Liu, Y.: ‘Context-free 

attacks using keyboard acoustic emanations’ In 

Proceedings of the ACM SIGSAC Conference on 

Computer and Communications Security, 2014, pp. 

453–464.  

151. Vuagnoux, M., and Pasini, S.: ‘Compromising 

electromagnetic emanations of wired and wireless 

keyboards’, In USENIX Security Symposium, 2009, pp. 

1-16.  

152. Balzarotti, D., Cova, M., and Vigna, G.: ‘Clearshot: 

Eavesdropping on keyboard input from video’ In 

Security and Privacy, IEEE Symposium on SP, 2008, 

pp. 170–183. 

153. Kamran, A., Liu, A. X., Wang, W., and Shahzad, M.: 

‘Recognizing Keystrokes Using Wi-Fi Devices’, IEEE 

Journal on Selected Areas in Communications, 35, (5), 

2017, pp. 1175-1190. 

154. Sun, L., Sen, S., Koutsonikolas, D., and Kim, K. H.: 

‘Widraw: Enabling hands-free drawing in the air on 

commodity Wi-Fi devices’, In Proceedings of the 21st 

Annual International Conference on Mobile Computing 

and Networking, September 2015, pp. 77-89. 

155. Huang, D., Nandakumar, R., and Gollakota, S.: 

‘Feasibility and limits of Wi-Fi imaging’, In 

Proceedings of the 12th ACM Conference on Embedded 

Network Sensor Systems, November 2014, pp. 266-279. 

156. Xu, Y., Yang, W., Wang, J., Zhou, X., Li, H., Huang, 

L.: ‘WiStep: Device-free Step Counting with WiFi 

Signals’, Proceedings of the ACM on Interactive, 

Mobile, Wearable and Ubiquitous Technologies, 2018. 

157. Zhang, L., Liu, M., Lu, L., Gong, L.: ‘Wi-Run: Multi-

Runner Step Estimation Using Commodity Wi-Fi’, In 

2018 15th Annual IEEE International Conference on 

Sensing, Communication, and Networking (SECON), 

Jun 2018, pp. 1-9. 

158. Zhang, F., Chen, C., Wang, B., Liu, K. R.: ‘WiSpeed: A 

statistical electromagnetic approach for device-free 

indoor speed estimation’, IEEE Internet of Things 

Journal, 5, (3), 2018. 

159. Beason, R. C., Wiltschko, W.: ‘Cues indicating location 

in pigeon navigation’, journal of comparative 

physiology A, 201, (10), 2015, pp. 961-967. 

160. Sobron, I., Del Ser, J., Eizmendi, I., and Velez, M.: 

‘Device-Free People Counting in IoT Environments: 

New Insights, Results, and Open Challenges’, In IEEE 

Internet of Things Journal, 5, (6), Dec. 2018, pp. 4396-

4408. 

161. Sobron, I., Del Ser, J., Eizmendi, I., and Velez, M.: ‘A 

deep learning approach to device-free people counting 

from WiFi signals’, In Proc. Int. 

Symp.Intell.Distrib.Comput., 2018, pp. 275–286. 

162. Fang, S. H., and Lin, T. N.: ‘Indoor location system 

based on discriminant adaptive neural network in IEEE 

802.11 environments’, IEEE Trans. Neural Network., 

19, (11), 2008, pp. 1973–1978. 

163. Wang, X., Gao, L., Mao, S.: ‘CSI phase fingerprinting 

for indoor localization with a deep learning approach’, 

IEEE Internet Things J., 3, (6), 2016, pp. 1113–1123. 

164. Wang, X., Gao, L., Mao, S., and Pandey, S.: ‘CSI-based 

fingerprinting for indoor localization: A deep learning 

approach’, IEEE Trans. Veh. Technol., 66, (1), 2017, 

pp. 763–776. 

165. Wang, X., Wang, X., and Mao, S.: ‘Cifi: Deep 

convolutional neural networks for indoor localization 

with 5 GHZ Wi-Fi’, In Communications (ICC), 2017 

IEEE International Conference on, May 2017, pp. 1-6. 

166. Chen, H., Zhang, Y., Li, W., Tao, X., and Zhang, P.: 

‘ConFi: Convolutional Neural Networks Based Indoor 

Wi-Fi Localization Using Channel State Information’, 

IEEE Access, 5, 2017, pp. 18066-18074. 

167. Zhao, M., Li, T., Abu Alsheikh, M., Tian, Y., Zhao, H., 

Torralba, A., and Katabi, D.: ‘Through-wall human pose 

estimation using radio signals’, In Proceedings of the 

IEEE Conference on Computer Vision and Pattern 

Recognition, 2018, pp. 7356-7365. 

168. Khalili, A. M., Soliman, A., and Asaduzzaman, M.: ‘A 

Deep Learning Approach for Wi-Fi based People 

Localization’, Preprints, 2018090213 (doi: 

10.20944/preprints201809.0213.v2). 2018. 

169. Wang, X., Yang, C., and Mao, S.: ‘PhaseBeat: 

Exploiting CSI Phase Data for Vital Sign Monitoring 

with Commodity WiFi Devices’, In IEEE 37th 

International Conference on Distributed Computing 

Systems (ICDCS), 2017, pp. 1230–1239. 

170. Wang, X., Yang, C., and Mao, S.: ‘TensorBeat: Tensor 

Decomposition for Monitoring Multi-Person Breathing 

Beats with Commodity WiFi’, arXiv:1702.02046, 2017. 

171. Yigitler, H., Kaltiokallio, O. J., Hostettler, R., Abrar, A. 

S., Jantti, R., Patwari, N., Sarkka, S.: ‘RSS Models for 

Respiration Rate Monitoring’, IEEE Transactions on 

Mobile Computing, 2019. 

172. Liu, J., Wang, Y., Chen, Y., Yang, J., Chen, X., and 

Cheng, J.: ‘Tracking Vital Signs During Sleep 

Leveraging Off-the-shelf WiFi’, In Proceedings of the 

16th ACM International Symposium on Mobile Ad Hoc 

Networking and Computing (MobiHoc ’15), 2015, pp. 

267–276. 

Auto-generated PDF by ReView The Journal of Engineering

IETJournal.docx MainDocument IET Review Copy Only 16

This article has been accepted for publication in a future issue of this journal, but has not been fully edited.
Content may change prior to final publication in an issue of the journal. To cite the paper please use the doi provided on the Digital Library page.



16 

 

173. Ma, J., Wang, Y., Wang, H., Wang, Y., and Zhang, D.: 

‘When Can We Detect Human Respiration with 

Commodity WiFi Devices?’, In Proceedings of the 2016 

ACM International Joint Conference on Pervasive and 

Ubiquitous Computing, 2016, pp. 325–328. 

174. Zhang, F., Zhang, D., Xiong, J., Wang, H., Niu, K., Jin, 

B., and Wang, Y.: ‘From Fresnel Diffraction Model to 

Fine-grained Human Respiration Sensing with 

Commodity Wi-Fi Devices’, Proc. ACM Interact. Mob. 

Wearable Ubiquitous Technology, 2018.  

175. Shang J., and Wu, J.: ‘Fine-grained Vital Signs 

Estimation Using Commercial Wi-Fi Devices’, In 

Proceedings of the Eighth Wireless of the Students, 

2016, pp. 30–32. 

176. Wang, H., Zhang, D., Ma, J., Wang, Y., Wang, Y., Wu, 

D., Gu, T., and Xie, B.: ‘Human Respiration Detection 

with Commodity WiFi Devices: Do User Location and 

Body Orientation Matter?’, In Proceedings of the 2016 

ACM International Joint Conference on Pervasive and 

Ubiquitous Computing (UbiComp ’16), 2016, pp. 25–

36. 

177. Wang, P., Guo, B., Xin, T., Wang, Z., and Yu, Z.: 

‘TinySense: Multi-User Respiration Detection Using 

Wi-Fi CSI Signals’, In 2017 IEEE 19th International 

Conference on e-Health Networking, Applications and 

Services (Healthcom), 2017, pp. 1–6. 

178. Lee, H., Ahn, C. R., Choi, N., Kim, T., Lee, H.: ‘The 

Effects of Housing Environments on the Performance of 

Activity-Recognition Systems Using Wi-Fi Channel 

State Information: An Exploratory Study’, Sensors, 19, 

(5), 2019. 

179. Haseeb, M. A., Parasuraman, R.: ‘Wisture: Touch-Less 

Hand Gesture Classification in Unmodified 

Smartphones Using Wi-Fi Signals’, IEEE Sensors 

Journal, 19, (1), 2019, pp. 257-67. 

180. Ling, K., Dai, H., Liu, Y., Liu, A. X.: ‘UltraGesture: 

Fine-Grained Gesture Sensing and Recognition’, In 

2018 15th Annual IEEE International Conference on 

Sensing, Communication, and Networking (SECON), 

2018. 

181. Wang, L., Sun, K., Dai, H., Liu, A. X., Wang, X.: 

‘WiTrace: Centimeter-Level Passive Gesture Tracking 

Using WiFi Signals’, In 2018 15th Annual IEEE 

International Conference on Sensing, Communication, 

and Networking (SECON), 2018. 

182. Wu, X., Chu, Z., Yang, P., Xiang, C., Zheng, X., Huang, 

W.: ‘TW-See: Human Activity Recognition Through 

the Wall With Commodity Wi-Fi Devices’, IEEE 

Transactions on Vehicular Technology, 68, (1), 2019, 

pp. 306-19. 

183. Hanif, A., Iqbal, M., Munir, F.: ‘WiSpy: Through-Wall 

Movement Sensing and Person Counting Using 

Commodity WiFi Signals’, In 2018 IEEE SENSORS, 

2018, pp. 1-4. 

184. Fu, Z., Xu, J., Zhu, Z., Liu, A. X., Sun, X.: ‘Writing in 

the air with WiFi signals for virtual reality devices’, 

IEEE Transactions on Mobile Computing, 18, (2), 2019. 

185. Vakalis, S., Gong, L., Nanzer, J. A.: ‘Imaging With 

WiFi’, IEEE Access, 2019. 

186. Karanam, C. R. and Mostofi, Y.: ‘3D Through-wall 

Imaging with Unmanned Aerial Vehicles Using WiFi’, 

In Proceedings of the 16th ACM/IEEE International 

Conference on Information Processing in Sensor 

Networks (IPSN ’17), 2017, pp. 131–142. 

187. Zhang, L., Liu, M., Lu, L., Gong, L.: ‘Wi-Run: Multi-

Runner Step Estimation Using Commodity Wi-Fi’, In 

2018 15th Annual IEEE International Conference on 

Sensing, Communication, and Networking (SECON), 

2018. 

188. Gu, Y., Zhang, Y., Li, J., Ji, Y., An, X., Ren, F.: ‘Sleepy: 

Wireless Channel Data Driven Sleep Monitoring via 

Commodity WiFi Devices’, IEEE Transactions on Big 

Data, 2018. 

189. Liu, X., Cao, J., Tang, S., and Wen, J.: ‘Wi-Sleep: 

Contactless Sleep Monitoring via WiFi Signals’, In 

2014 IEEE Real-Time Systems Symposium, 2014, pp. 

346–355. 

190. Liu, X., Cao, J., Tang, S., Wen, J., and Guo, P.: 

‘Contactless Respiration Monitoring Via Off-the-Shelf 

WiFi Devices’, IEEE Transactions on Mobile 

Computing, 15, (10), 2016, pp. 2466–2479. 

191. Won, M., Zhang, S., and Son, S. H.: ‘WiTraffic: Low-

Cost and Non-Intrusive Traffic Monitoring System 

Using WiFi’, In 2017 26th International Conference on 

Computer Communication and Networks (ICCCN), 

2017, pp. 1-9. 

192. Zheng, X., Wang, J., Shangguan, L., Zhou, Z., and Liu, 

Y.: ‘Smokey: Ubiquitous Smoking Detection with 

Commercial WiFi Infrastructures’, In 2016 IEEE 

Conference on Computer Communications 

(INFOCOM), 2016, pp. 1–9. 

193. Zheng, X., Wang, J., Shangguan, L., Zhou, Z., and Liu, 

Y.: ‘Design and Implementation of a CSI-based 

Ubiquitous Smoking Detection System’, IEEE/ACM 

Transactions on Networking, 25, (6), 2017, pp. 3781–

3793. 

194. Hanif, A., Chughtai, M. S., Qureshi, A. A., Aleem, A., 

Munir, F., Tahir, M., Uppal, M.: ‘Non-Obtrusive 

Detection of Concealed Metallic Objects Using 

Commodity WiFi Radios’, In 2018 IEEE Global 

Communications Conference (GLOBECOM), 2018, pp. 

1-6. 

195. Wu, K.: ‘Wi-Metal: Detecting Metal by Using Wireless 

Networks’, In 2016 IEEE International Conference on 

Communications (ICC), 2016, pp. 1-6. 

196. Li, H., Yang, W., Wang, J., Xu, Y., and Huang, L.: 

‘WiFinger: Talk to Your Smart Devices with Finger-

grained Gesture’, In Proceedings of the 2016 ACM 

International Joint Conference on Pervasive and 

Ubiquitous Computing (UbiComp ’16), 2016, pp. 250–

261. 

197. Ma, Y., Zhou, G., Wang, S., Zhao, H., and Jung, W.: 

‘SignFi: Sign Language Recognition Using WiFi’, Proc. 

ACM Interact. Mob. Wearable Ubiquitous Technology, 

2018. 

198. Melgarejo, P., Zhang, X., Ramanathan, P., and Chu, D.: 

‘Leveraging Directional Antenna Capabilities for Fine-

grained Gesture Recognition’, In Proceedings of the 

2014 ACM International Joint Conference on Pervasive 

and Ubiquitous Computing (UbiComp ’14), 2014, pp. 

541–551. 

199. Shang, J., and Wu, J.: ‘A Robust Sign Language 

Recognition System with Multiple Wi-Fi Devices’, In 

Proceedings of the Workshop on Mobility in the 

Auto-generated PDF by ReView The Journal of Engineering

IETJournal.docx MainDocument IET Review Copy Only 17

This article has been accepted for publication in a future issue of this journal, but has not been fully edited.
Content may change prior to final publication in an issue of the journal. To cite the paper please use the doi provided on the Digital Library page.



17 

 

Evolving Internet Architecture (MobiArch ’17), 2017, 

pp. 19-24. 

200. Zhang, X., Ruby, R., Long, J., Wang, L., Ming, Z., and 

Wu, K.: ‘WiHumidity: A Novel CSI- based Humidity 

Measurement System’, InSmart Computing and 

Communication. Springer International Publishing, 

2017, pp. 537–547. 

201. Yang, W., Wang, X., Song, A., Mao, S.: ‘Wi-Wheat: 

Contact-Free Wheat Moisture Detection with 

Commodity WiFi’, In 2018 IEEE International 

Conference on Communications (ICC), 2018, pp. 1-6. 

202. Tan, S., Zhang, L., Yang, J.: ‘Sensing Fruit Ripeness 

Using Wireless Signals’, In 2018 27th International 

Conference on Computer Communication and 

Networks (ICCCN), 2018, pp. 1-9  

Auto-generated PDF by ReView The Journal of Engineering

IETJournal.docx MainDocument IET Review Copy Only 18

This article has been accepted for publication in a future issue of this journal, but has not been fully edited.
Content may change prior to final publication in an issue of the journal. To cite the paper please use the doi provided on the Digital Library page.


