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By enabling centimeter-scale human activity sensing with 

Wi-Fi signals, the Fresnel zone model could revolutionize 

wireless sensing and Internet of Things applications.

With wireless technologies’ rapid devel-
opment, the role of Wi-Fi RF signals has 
been extended from that of a sole com-
munication medium to a nonintrusive 

environmental sensing tool.1 In indoor environments, 
RF signals propagate in the wireless medium through 
multipaths, bouncing off different objects before arriv-
ing at a receiver and, hence, carrying information about 
the environment. By analyzing the received RF sig-
nal patterns and characteristics, we can detect human 
activities and behavioral statuses such as respiration 
rate, gestures, and falls—a process called contactless or 
device-free human sensing.

Combining wireless sensing and communication 
in a computing device has been a research goal for two 
decades, starting with the RADAR indoor localization 
system. Although most work has focused on human sens-
ing using Wi-Fi–received signal strength (RSS), sensing 
applications have been limited because the multi paths 
cause unpredictable RSS fluctuations.1 The situation has 

changed now that physical-layer channel state informa-
tion (CSI) is accessible on commodity Wi-Fi devices.2 

CSI contains detailed phase and amplitude informa-
tion about each subcarrier and can depict each subcar-
rier’s propagation path; thus, a surge of recent research 
efforts in the Wi-Fi–based sensing field have exploited 
fine-grained CSI, enabling applications ranging from fall 
detection to vital-sign monitoring.3–6 Wi-Fi signals con-
taining dozens of subcarriers are simultaneously affected 
by static objects and dynamic human activities in the envi-
ronment; each subcarrier is affected differently by human 
activities such as gestures, falls, and respiration, making 
CSI-based signal analysis more precise, fine grained, and 
richer than RSS-based approaches that leverage only the 
aggregated signal strength. Whereas most current work 
has focused on Wi-Fi signals’ variation patterns, there has 
been little exploration of the sensing limit and generic 
theory informing the design of Wi-Fi sensing systems.

In this article, we examine the basic theoretical foun-
dation for RF-based sensing systems and shed light on 
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the sensing limit of Wi-Fi RF signals. Specifically, we intro-
duce the Fresnel zone model to the indoor environment, 
using it to depict RF signal-propagation properties and fur-
ther develop techniques for indoor respiration detection and 
direction estimation using commodity Wi-Fi 
devices. We show that this model can enable 
centimeter-scale human activity recognition 
and potentially expand applications in areas 
such as healthcare, localization, and human–
computer interaction into new territories.

EVOLUTION OF WI-FI RF-BASED 
SENSING THEORY
In a typical indoor environment, the receiver 
gets RF signals not only from the direct path—
known as the line of sight (LoS)—but also from 
massive multipaths (non-LoS) caused by reflection, diffrac-
tion, and scattering.7 When a person is in the indoor envi-
ronment, new paths will be diffracted and reflected from 
his or her body. The received signal is a linear combination 
of signals from all these paths. For a radio wave with wave-
length λ traveling along a path of length d, its phase shifts 
2πd/λ. The received signal can then be expressed as the 
vector sum 

a ei
i d2 /i∑ π λ− , 

where i is the path number and ai is the attenuation coeffi-
cient of each path. If the person is static in the environment, 
the received signal is almost stable; if the person moves, the 
received signal will keep changing. The key challenge here 
is correlating the waveforms of the received signal with spe-
cific human motions.

The early RF propagation model adopted for indoor 
localization was the path loss model,7 in which the received 
signal amplitude’s fluctuation due to human motion was 
attributed to path loss (attenuation) of the reflected signal;6 
in other words, the reflected path length changed with the 
person’s motion, leading to RSS fluctuation. However, it is 
difficult to quantify each path in indoor, multipath, rich 
environments.7 Thus, most early CSI-based human- sensing 
work resorted to extensive empirical experiments and sta-
tistical analysis of the Wi-Fi signals.3,4,8

The recently proposed interference-based propaga-
tion model divides all indoor multipaths into static and 
dynamic paths; as the path length of the dynamic reflected 
signal changes, the phases of the reflected signals change.9 

The received signal’s fluctuation is attributed to the inter-
ference of the dynamic signals and the superimposed static 
signals. In this way, a quantitative relationship between 
CSI dynamics and human movement speed is established. 

However, it is still difficult to correlate the CSI waveform to 
human motions in geometrical space.

Initially used in outdoor environments, the Fresnel zone 
model is a propagation theory that calculates reflection and 
diffraction loss between transmitters and receivers in geo-
metrical space.10 See the sidebar for a brief overview of the 
model’s origins.

FRESNEL ZONE MODEL AND PROPERTIES
Fresnel zones refer to the series of concentric ellipsoids 
of alternating strength that are caused by a light or radio 
wave following multiple paths as it propagates in free space, 
resulting in constructive and destructive interference as 
the different-length paths go in and out of phase. Assum-
ing P1 and P2 are two radio transceivers (see Figure 1a), the 
Fresnel zones are the concentric ellipsoids with foci in the 
pair of transceivers. For a given radio wavelength λ, Fresnel 
zones containing n ellipsoids can be constructed by ensur-
ing that

|P1Qn| + | QnP2| – | P1P2| = nλ/2 , 

where Qn is a point in the nth ellipse. There are an infinite 
number of Fresnel zones. The innermost ellipsoid is defined 
as the first Fresnel zone, the elliptical annuli between the 
first and second ellipsoids is defined as the second Fresnel 
zone, and the nth Fresnel zone corresponds to the elliptical 
annuli between the n – 1th and nth ellipsoids. Because the 
boundary between two adjacent Fresnel zones is an ellip-
soid, the boundary of the nth Fresnel zone is defined as the 
ellipsoid between the nth and n + 1th Fresnel zones.

WE CAN CAPTURE SUBTLE BODY 
DISPLACEMENT ON THE RECEIVING 

RF SIGNAL AT THE GRANULARITY OF 
SUBWAVELENGTHS.

See www.computer.org/computer-multimedia for 
multimedia content related to this article.
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How objects in Fresnel zones affect 
the received RF signal
When an object appears in the Fresnel zones in free space, 
the radio signal is viewed as traveling from the transmit-
ter to the receiver via two paths: one that goes directly 
(the LoS path) and another that is reflected by the object 
(the reflected path). The two signals combine to create a 
superimposed signal at the receiver side. When a signal 
is reflected, the phase of the signal reverses and changes 
by π.7 If the two signals have a phase difference of 2π (in 
phase), they reinforce the signal strength; if the two signals 
have a phase difference of π (out of phase), they cancel each 
other and decrease the signal strength.

For example, assume that an object Q1 appears at the first 
Fresnel zone boundary, as shown in Figure 1a. The reflected 
signal’s path length (P1Q1P2) is λ∕ 2 longer than the LoS’s, 
and the relative phase difference of signals between the 
two paths is π; adding the phase shift π introduced by the 
reflection causes the two signals to be in the same phase, 
leading to constructive interference and a stronger super-
imposed received signal, as shown by C2 in Figure 1b. Simi-
larly, an object located at the second Fresnel zone boundary 
creates destructive interference and a degraded received 
signal, as shown by C1 in Figure 1b. In short, at the boundary 
of an odd-numbered Fresnel zone, an object creates a rein-
forced signal; at an even-numbered zone’s boundary, the 
object creates a degraded signal. This produces interleaved 
interference patterns.

We conducted indoor experiments with a pair of Wi-Fi 
transceivers and a metal cup to verify the Fresnel zones’ 
existence and to show that the received signal varies as 
expected when an object moves across the zones. We set the 
Wi-Fi channel frequency to 5.24 GHz, and moved the cup 15 
cm along three directions. The received signals recorded 

show that the number and sequence of valleys and peaks 
generated by the moving cup match those of the Fresnel 
zones crossed.11

Characterizing the received signal 
in a moving object’s presence 

As demonstrated in Figure 1a, suppose an object moves 
in the Fresnel zones from Q1 to Qn; while the signal travel-
ing via the LoS remains the same, the signal reflected by the 
object changes over time. As the length of the reflected path 
changes, the relative phase difference between the LoS sig-
nal and the reflected signal changes accordingly. Based on 
the interference analysis, the received signal will present 
peaks or valleys when the object crosses the boundary of the 
Fresnel zones. However, if the object moves along ellipses, 
the reflected signal path’s length does not change and so the 
received signal remains the same.

To characterize the received signal in the presence of a 
moving object, we studied a typical setting, shown in Fig-
ure 2a, in which a transmitted signal arrives at the receiver 
by multiple paths. By dividing these paths into static and 
dynamic paths, the received signal H(f,t) can be denoted as 
a phase vector:7,9

H(f,t) = Hs(f) + Hd(f,t) = Hs(f) + a(f,t)e–j2πd(t)/λ, 

where the static vector Hs(f) is the sum of signals from static 
paths, and the dynamic vector Hd(f,t) is introduced by the 
reflected signal from the moving object, as shown in Fig-
ure 2b. The reflected signal can be further represented by 
a vector, where a(f,t) is the complex valued representation 
of amplitude and initial phase offset of the dynamic path, 
and e–j2πd(t)/λ is the phase shift along the dynamic path 
length d(t). Apparently, when the length of the reflected 
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signal changes by λ, its phase shifts 2π (rotates one round). 
Hence, the received signal H(f,t) has a time-varying ampli-
tude in a complex plane:

|H(f,θ)|2 = |Hs(f)|2 + |Hd(f)|2 + 2|Hs(f)||Hd(f)|cosθ ,                        (1)

where θ is the phase difference between the static vec-
tor Hs(f) and dynamic vector Hd(f). In particular, when the 
object moves a short distance, such as several wavelengths 
as shown in Figure 2c, it is safe to assume that the ampli-
tude of the dynamic vector remains the same; that is, Hd(f) 
is constant. This explains why the amplitude of the received 
signal looks like a sinusoidal wave when the object crosses 
several Fresnel zones. Specifically, the peaks appear when 
θ = 2π, 4π, … and the valleys appear when θ = 3π, 5π, …, 
corresponding to the boundaries of the Fresnel zones.

In real environments, a single RF subcarrier corresponds 
to one set of Fresnel zones, even though multiple static sig-
nal paths are incurred by the surrounding static objects. As 
the generated Fresnel zones are determined by the aggre-
gated signal vector of all static multipaths, the reflected sig-
nals are generally weaker than the LoS signal, making the 

location and size of the Fresnel zones slightly different from 
the standard ones shown in Figure 1a. When there are mul-
tiple static objects and one moving object, as in Figure 2a, 
we use the aggregated signal vector of all static multipaths 
to generate the Fresnel zones and treat the moving object 
using Equation 1. When there are multiple moving objects 
in the environment, the Fresnel zone model is determined 
by the aggregated signal vector of all multipaths, which 
is dynamic and time varying. In this case, if the moving 
objects are small and far from the transceivers, the dynamic 
path signals usually have a negligible effect on the aggre-
gated signal compared to the strong and static LoS signal; 
thus, we can still approximate the Fresnel zone model using 
the major static paths’ signals. But if all the moving objects 
significantly affect the received signal compared to the LoS 
signal, the static Fresnel zone model might not analyze the 
signal-propagation properties correctly.

RF signal-propagation properties 
in the Fresnel zones
We can summarize the Wi-Fi RF signal-propagation proper-
ties in indoor space as follows:

HISTORY OF THE FRESNEL ZONE MODEL

The Fresnel zone concept originated with Au-
gustin Fresnel’s early 19th-century research 

on light’s interference and diffraction.1 Fresnel’s 
work revealed the physical properties of light 
when it travels from a source point to an obser-
vation point. Fresnel zones refer to the series of 
concentric ellipses with two foci corresponding to 
the source and observation points. Light waves 
traveling through the first Fresnel zone are all in 
phase, enhancing the light strength received at 
the observation point. Successive Fresnel zones 
alternately provide constructive and destructive 
interference to the received light at the observation 
point. The first mention of using the Fresnel zone 
concept with RF appeared in a 1936 US patent.2,3 
Since then, the Fresnel zone model has found vari-
ous practical applications ranging from microwave 
propagation in wireless links to wireless station 
placement to antenna design.4 Recent work ap-
plies the Fresnel–Kirchhoff knife-edge diffraction 
model with received signal strength for localization 
achieving meter-scale resolution.5 We, however, 
consider the reflection and frequency diversity 

of the Wi-Fi RF signal in constructing the Fresnel 
zone model and reveal the signal-change pattern 
in each subcarrier caused by a person’s movement. 
Thus, we can capture subtle body displacement 
on the receiving RF signal at the granularity of 
subwavelengths, pushing the sensing resolution to 
an unprecedented centimeter level. 
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 › P1: Wi-Fi Fresnel zones take the shape of concentric 
ellipsoids with foci in a pair of transceivers.

 › P2: When an object crosses a series of Fresnel zones, 
the received signal shows a continuous sinusoidal- 
like wave, with peaks and valleys generated by cross-
ing the Fresnel zone boundaries.

 › P3: A moving object usually produces a reflected 
signal with varying amplitude and phase. On a small 
moving scale, the reflected signal has a roughly fixed 
amplitude with varying phase affecting the received 
signal. On a large moving scale, the reflected signal 
experiences both phase change and amplitude atten-
uation caused by path loss.

 › P4: If the reflected signal from a moving object 
changes the path length by one wavelength (for exam-
ple, 5.725 cm for 5.24 GHz), its phase will undergo a 2π 
change, generating a complete sinusoidal cycle; if the 
reflected signal changes the path length such that it is 
shorter than one wavelength, the generated signal is a 
fragment of the sinusoidal cycle.

WI-FI MULTIFREQUENCY RF 
SIGNAL FRESNEL ZONE MODEL
The Wi-Fi 802.11n+ specification leverages an orthogonal 
 frequency-division multiplexing (OFDM)–based transmis-
sion scheme that divides the whole bandwidth into multi-
ple subcarriers with different frequencies. Multiple Fres-
nel zones are thus formed around the transmitter (Tx) and 
receiver (Rx) antennas according to their wavelengths. 

Characterizing the relationship among 
multifrequency Fresnel zones
These multifrequency Fresnel zones share the same (or 
similar) foci and shape but slightly different sizes: a sub-
carrier with a shorter wavelength has smaller ellipsoids; 

more specifically, for the inner Fres-
nel zones, the geometrical layouts 
from different subcarriers almost 
overlap with one another. The gap 
increases as the number of Fresnel 
zones increases (see Figure 3a), until 
the boundary of the (i+1)th Fresnel 
zone with the smaller wavelength 
catches up with that of the ith Fresnel 
zone with the larger wavelength (see 
Figure 3b). 

To quantify this difference, we 
define the angle θ between the static vector Hs and dynamic 
vector Hd in Figure 2b as the Fresnel phase; this difference 
can then be characterized by calculating the phase differ-
ence between the two Fresnel phases of two subcarriers 
with wavelength λ1 and λ2 as

Δθ = 2π(d1 – d0)Δf/c , (2)

where Δf is the frequency gap of the two subcarriers; c is the 
light speed in air; and d0, d1are the direct path and reflected 
path, respectively. From Equation 2, we see that the differ-
ence is only relevant to the gap between two frequencies, 
not the carrier frequency itself; moreover, this difference 
has a linear relationship with the path-length difference 
between d0 and d1 for a given Δf.

Wi-Fi multifrequency RF signal 
propagation properties
We can summarize the Wi-Fi RF propagation properties in 
multiple frequencies as follows:

 › P5: Because different subcarriers have different 
radio wavelengths, each subcarrier has its own Fres-
nel zones.

 › P6: Inner Fresnel zones of different subcarriers 
almost overlap; however, the gap between two Fres-
nel zone boundaries keeps increasing in outer zones 
until one catches the next boundary of the other (see 
Figure 3a). In other words, in inner Fresnel zones 
there are big gaps between zone boundaries, but in 
outer zones those boundaries are evenly distributed. 

 › P7: The shape of the Fresnel zone of a subcarrier 
with a shorter wavelength is smaller than that of a 
subcarrier with a larger wavelength. So, for the kth 
Fresnel zone boundary, the Fresnel zone boundary 
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of a subcarrier with a shorter 
wavelength is located inside 
of the kth boundary of the 
subcarrier with the longer 
wavelength.

 › P8: When multiple antennas 
are equipped and placed apart 
from one another in commod-
ity Wi-Fi devices, the RF signal 
between each Rx-Tx pair creates its own Fresnel 
zones; thus, multiple pairs of Rx-Tx antennas create 
overlapping Fresnel zones. 

APPLYING THE FRESNEL ZONE MODEL TO 
HUMAN SENSING
Here, we use two real applications to show how the Fresnel 
zone model can recognize micro and macro human activi-
ties. Specifically, we apply the model to inform where and 
why human respiration can be detected, demonstrating 
Wi-Fi signals’ centimeter-scale human motion–detection 
capabilities.11 We also utilize the model to accurately esti-
mate walking direction indoors, demonstrating detection 
of decimeter-scale human motion.12

Human respiration rate detection
Respiration rate is an important vital sign that can indi-
cate the progression of an illness and declines in health. 
Traditionally, monitoring vital signs requires patients to 
visit the hospital and wear dedicated sensors. For cost- 
effective  and nonintrusive home monitoring systems, 
researchers have turned their attention to commodity 
Wi-Fi devices for contact-free vital sign measurement.4,5 
However, sensing human respiration with Wi-Fi signals 
is challenging because it requires centimeter-scale detec-
tion accuracy; the received signal from such micro human 
activities is often so weak that it cannot be distinguished 
from environmental noises. Therefore, in actual imple-
mentation, users are requested to stay either between the 
LoS or very close to the transceivers. As previous work is 
based on purely empirical experiments—without a theo-
retical model to guide the system design—it fails to tell 
why and when subtle human movement can be detectable 
and thus resorts to trial and error. In our recent work, we 
analyzed the received signal fluctuation caused by the 
subtle chest displacement of respiration, and demonstrate 
when and why human respiration is detectable based on 
the Fresnel zone model.11

Correlating subtle chest displacement to signal fluctua-
tion. The mean displacement of chest movement for normal 
respiration is around 5 mm,13 so the path-length change 
caused by human respiration is smaller than a wavelength. 
According to P3, the received signal waveform caused by 
human respiration is only a fragment of the sinusoidal 
cycle. Specifically, the phase rotation θ caused by respira-
tion in Figure 2b is only around 60°.11

As one respiration cycle consists of an inhalation fol-
lowed by a pause and an exhalation followed by another 
pause, and human respiration is usually periodical, then, 
according to Equation 1, the received signal also consists 
of four segments: a waveform generated by inhalation, a 
straight line caused by the pause after inhalation, a wave-
form generated by exhalation, and another straight line 
caused by the pause after exhalation. Given the 60° phase 
change θ that lies in the cycle of the cosine wave (see Fig-
ure 4a), both θ’s angle and position affect the shape of the 
signal waveform. To make respiration rate easy to extract 
correctly, the θ angle is expected to not only cover a large 
range but to also lie fully in the monotonically changing 
fragment of the cosine wave. In particular, the best choice 
for the cosine wave fragment of a fixed θ is centered around 
π/2 or 3π/2, corresponding to the middle of each Fresnel 
zone.11 Figure 4b shows the received signal waveforms when 
a subject sits in a good versus a bad location for respiration 
detection in the Fresnel zone. Without loss of generality, 
within each Fresnel zone, the worst human location for cen-
timeter-level subtle motion sensing is around the boundary, 
while the best location appears in the middle. 

Leveraging multifrequency Fresnel zones to enhance 
respiration sensing. Consider the 30 subcarriers in the 
Intel 5300 Wi-Fi card with different wavelengths. Accord-
ing to P5, the Fresnel zone boundaries of all subcarriers 
almost overlap in the inner Fresnel zones; if one subcarrier 
cannot measure human respiration due to the person’s poor 
location, the other subcarriers cannot either. But starting 
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FIGURE 3. Geometrical relationship of two subcarriers’ Fresnel zones: subcarrier with 
smaller wavelength (red) versus larger wavelength (blue). The subcarrier with the shorter 
wavelength has smaller ellipsoids. (a) The gap increases as the number of Fresnel zones 
increases, until (b) the boundary of the (i+1)th Fresnel zone with the smaller wavelength 
catches up with that of the ith Fresnel zone with the larger wavelength. (c) Before reaching 
(b), this region contains two subcarriers with nearly equally spaced interleaved Fresnel 
zones. Rx: receiver; Tx: transmitter.
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from a certain Fresnel zone outward, when the location is 
near a bad position (close to the Fresnel zone boundary) for 
one subcarrier, we can often exploit the frequency diver-
sity to find another subcarrier showing a well-received sig-
nal waveform for the same position (near the middle of the 
Fresnel zone; see Figure 3c). With this observation in mind, 
we conducted real respiration-detection experiments with 
two Wi-Fi transceivers 70 cm apart (see Figure 4b) and 
found that from the 48th Fresnel zone onward, at least one 
subcarrier can locate the person in the middle of one Fres-
nel zone.11 Without loss of generality, for subtle centimeter- 
scale human motion sensing, the frequency diversity can be 
exploited to enhance sensing in the outer Fresnel zones but 
not the inner Fresnel zones.

Respiration detection map with respect to human loca-
tion. Our respiration-detection evaluation (see Figure 5) 
had three main results. First, the closer the person was 
to the Tx or Rx, the stronger the reflected CSI signals we 
obtained. When the person went beyond a zone limit (detec-
tion bound), no clear reflected CSI signals were received for 
accurate respiration detection. Second, in the region that 
was within but close to the detection bound—what we’re 
calling the frequency diversity–enabled region—there was 
always one subcarrier that could sense human respiration 

well. Third, in the inner Fresnel 
zones, we observed clear respi-
ration waveforms when the sub-
ject was located in the middle of 
one zone, but this signal became 
increasingly distorted as the sub-
ject moved toward the Fresnel zone 
boundary until finally no clear sig-
nal was present.

Discussion. For micro human mo-
tions such as respiration-related 
chest movements, the reflected 
signal path length changes within 
the range of a wavelength. In this 
case, whether the micro motion is 
detectable or not depends not only 
on how strong the reflected signal 

strength is compared to the direct signal strength but also 
on the location of the human body with respect to the two 
transceivers. Generally speaking, for a moving body that 
has a big reflective surface and is close to the LoS—which 
would generate a stronger reflected signal—if the motion 
is small but the location is ideal, the micro motion will 
still be accurately captured and detected. On the contrary, 
if the human motion cannot produce sufficient reflected 
signal strength in the receiver due to poor location, small 
reflective surface, or distance, even decimeter-scale human 
activities cannot be captured and detected well. Using the 
Fresnel zone model and signal superimposition equations, 
we can evaluate and inform the human activity recognition 
feasibility.

Estimation of indoor walking direction
Determining human walking direction in an indoor envi-
ronment is important for many applications, from emer-
gency evacuation and virtual reality to elderly care. Unfor-
tunately, there is still no cost-effective solution that allows 
us to access this information continuously. 

Walking direction in a 2D plane. Walking direction in a 
2D plane could be easily determined if we knew the sub-
ject’s precise indoor location. However, after two decades 
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of research on indoor localization with commodity Wi-Fi 
devices, accurately sensing human location remains chal-
lenging. Although both device-based and device-free loca-
tion sensing techniques using commodity Wi-Fi devices 
have been actively explored, the state-of-the-art approach 
achieves only submeter-level accuracy,14,15 which is too 
coarse to derive accurate moving direction directly. In our 
recent work, we applied the Fresnel zone model to human 
indoor walking direction and distance estimation.12

Indoor walking direction can be defined in a 2D Carte-
sian coordinate system. Assume a person moves from point 
a to point b in the Cartesian coordinate plane, as shown in 
Figure 6; our goal is to estimate the angle of . Assume that 
a pair of Tx–Rx1 devices are placed on the x-axis and a pair of 
Tx–Rx2 devices are placed on the y-axis, and then two sets of 
Fresnel zones are formed around the x- and y-axes. The solu-
tion to the direction-estimation problem is to find the direc-
tion of movement and distance in each coordinate in the 
context of Fresnel zones. As Figure 6 shows, the vector 

� ��
ab  

can be decomposed into two subvectors 
� ��
abx  and 

� ��
aby  , where 

each subvector is parallel to one axis of the coordinate sys-
tem. We then turn the 

� ��
ab direction- estimation problem into 

the estimation of two subvectors 
� ��
abx  and 

� ��
aby  , separately, in 

terms of distance and direction in the corresponding Fres-
nel zones.

Subvector distance estimation. When a person crosses 
the Fresnel zones, he or she will generate peaks and valleys, 
with the number corresponding to the number of Fresnel 
zones crossed. The distance in the Fresnel zones can thus 
be expressed as the number of Fresnel zone boundaries 
crossed. According to property P2, the number of Fresnel 
zones crossed can be measured by counting the peaks and 
valleys of the received signal using fast Fourier transform;12 
this approach is quite accurate, especially when the moving 
direction is perpendicular to the Tx-Rx LoS. 

Subvector direction estimation. Direction information 
for a certain Fresnel zone can be revealed by inspecting the 
relationship of Fresnel zones from multiple subcarriers. 
According to P7, the location of each Fresnel zone bound-
ary from two subcarriers differs; thus, when a person walks 
in the Fresnel zones, he or she will cross the boundaries of 
Fresnel zones of different subcarriers sequentially.

To shed more light on this, consider a person moving 
inwardly through the Fresnel zones. Assume the wave-
length of subcarrier 1 is longer than subcarrier 2. Because 

the length of the reflected path is the same for both sub-
carriers, the initial Fresnel phase of subcarrier 1 is smaller. 
As the person keeps walking inwardly and crossing Fres-
nel zone boundaries, the length of the reflected path gets 
shorter and the Fresnel phase θ decreases and rotates 
clockwise; the two subcarriers’ waveforms thus have a 
time delay Δt caused by the difference of each initial Fres-
nel phase θ. Therefore, we expect the waveform of subcar-
rier 1 to lead subcarrier 2. On the contrary, if the person 
moves outwardly through the Fresnel zones, its reflected 
path length increases and its Fresnel phase rotates counter-
clockwise. In this case, the waveform of subcarrier 2 leads 
subcarrier 1. By using a method to extract this precedence 
relationship among subcarriers, we are able to tell whether 
the person is moving inward or outward relative to a pair of 
Rx-Tx devices. This is the basic manner in which we extract 
direction information from Fresnel zones.

Discussion. We conducted an experiment in which sub-
jects walked in eight directions in three different rooms: A, 
an empty room, and B and C, furnished office rooms of dif-
ferent sizes. Our prototype system achieved a median abso-
lute error of 10° for direction estimation with three Wi-Fi 
devices, as shown in Figure 7; this is comparable to results 
with wearable sensor-based solutions.

The distance of macro human motion, such as walk-
ing, is much larger than a wavelength. In this case, all sub-
carriers generate signal fluctuations with precedence rela-
tionships. The walking direction estimation shows that 
decimeter-scale human motion can be sensed using a multi-
frequency Fresnel zone model by correlating CSI waveforms 
of different subcarriers.12 Apparently, when human motion 
crosses multiple Fresnel zones, deliberately placing more 
Wi-Fi receivers or antennas and creating several overlapped 
Fresnel zones allows both the direction and cycle number 
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FIGURE 6. Indoor walking direction can be estimated on a 2D 
Cartesian coordinate system by finding the direction and distance 
moved in each coordinate in the context of the Fresnel zones. 
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in different zones to be used as context 
information for recognizing or esti-
mating macro human activities.

The Fresnel zone model is a new 
theoretical foundation for non-
intrusive, contactless sensing 

using RF signals in indoor environ-
ments. This model not only explains 
the wavelength-scale signal fluctu-
ation that human movement causes 
in each subcarrier at Wi-Fi receiver 
devices, but it also sheds light on the 
scale of human activities that can be 
sensed and recognized using Wi-Fi 
CSI—that is, Wi-Fi RF signals’ pos-
sible sensing limit. Building on the 
Fresnel zone model and Wi-Fi devices’ 
frequency diversity, centimeter-scale 
human activities such as respiration 
(micro) and decimeter- scale activities 
such as walking (macro) have been 
detected with high accuracy.

We have only scratched the sur-
face of the Fresnel zone model’s possi-
bilities. As our understanding of the 
model and the RF signal- propagation 
theory evolve, their role in wireless 
sensing will expand. In the shorter 
term, we envision the proposed the-
ory accelerating the nonintrusive 
human-sensing field, enabling a 
wide spectrum of new applications 
in homes, offices, hospitals, ware-
houses, and more. In the longer term, 
we believe that synergizing commu-
nication and sensing capabilities in 
computing devices will fuel a revolu-
tion in both Internet of Things (IoT) 
and context-aware computing, which 
could result in wirelessly sensed big 
data and could expose sensed infor-
mation about the environment and 
user behavior to future IoT architec-
tures, enabling services that touch our 
everyday lives. 
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FIGURE 7. Our prototype system achieved a median absolute of 10° for direction 
estimation with three Wi-Fi devices for subjects walking in eight directions in an empty 
room (A) and furnished offices of different sizes (B and C).
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