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Indoor human tracking is fundamental to many real-world applications such as security surveillance, behavioral analysis, and

elderly care. Previous solutions usually require dedicated device being carried by the human target, which is inconvenient or

even infeasible in scenarios such as elderly care and break-ins. However, compared with device-based tracking, device-free

tracking is particularly challenging because the much weaker reflection signals are employed for tracking. The problem

becomes even more difficult with commodity Wi-Fi devices, which have limited number of antennas, small bandwidth size,

and severe hardware noise.

In this work, we propose IndoTrack, a device-free indoor human tracking system that utilizes only commodity Wi-Fi

devices. IndoTrack is composed of two innovative methods: (1) Doppler-MUSIC is able to extract accurate Doppler velocity

information from noisy Wi-Fi Channel State Information (CSI) samples; and (2) Doppler-AoA is able to determine the absolute

trajectory of the target by jointly estimating target velocity and location via probabilistic co-modeling of spatial-temporal

Doppler and AoA information. Extensive experiments demonstrate that IndoTrack can achieve a 35cm median error in human

trajectory estimation, outperforming the state-of-the-art systems and provide accurate location and velocity information for

indoor human mobility and behavioral analysis.
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1 INTRODUCTION

Indoor human tracking is a fundamental component required by a wide range of real-world applications including

security surveillance, physical/behavioral analysis, elderly/patient monitoring, indoor navigation, workspace

interaction, indoor space design, etc. Over the years, various solutions have been proposed for indoor human

tracking. Most of them require dedicated devices to be carried by the human target, such as RFID tags [44], mobile

phones [4, 8, 43], or wearable devices [18, 19], which is inconvenient and even infeasible under certain scenarios.

For instance, the elderly are reluctant to carry devices all the time [33]; and terrorists would avoid carrying any

device that can be tracked. As such, device-free indoor human tracking is urgently desirable and has attracted

attentions from researchers.

Existing camera [10] or sound-based [27, 39, 47] solutions are mostly device-free, and have been shown to

be effective in certain scenarios such as gesture recognition. However, camera-based systems require dense

deployment and raise severe privacy concerns in indoor environments. Sound-based methods have a very

small coverage area and the performance degrades significantly in noisy environments, limiting their real-life

applications. In contrast, Wi-Fi based solutions are promising as Wi-Fi is ubiquitous and no extra infrastructure

is required. However, the existing Wi-Fi based tracking systems [41, 42] are mostly device-based and there are

very few device-free indoor tracking systems. In this work, our goal is to achieve accurate passive indoor human

tracking with only commodity Wi-Fi devices.

Device-free tracking with commodity Wi-Fi devices is challenging. Compared with device-based tracking,

the reflection signals employed for device-free tracking are much weaker than the direct-path signal so it is

more difficult to extract useful and accurate tracking information from the reflection signals. Furthermore, most

commodity Wi-Fi cards only have three antennas and limited bandwidth, making the angle-of-arrival (AoA)

and time-of-arrival (ToA) based passive tracking too coarse [26]. Therefore, in this work, we aim to tackle the

human tracking problem with Doppler information, whose resolution is not limited by the number of antennas

or bandwidth size.

The basic idea and theoretical underpinning of our Wi-Fi based device-free tracking system are as follows: in

an indoor environment with one transmitter and two receivers, human movements change the path length of

the Wi-Fi signal reflected from the human body for each pair of transceivers, resulting in Doppler frequency

shift of the signal. Both amplitude and direction of the Doppler frequency shift can be estimated with the phase

information of the Channel State Information (CSI) available at the commodity Wi-Fi receiver. The amount of

Doppler frequency shift is dependent on how fast the reflection path length changes, which is thus related to the

human target’s velocity and location. Furthermore, from CSI, we can obtain the AoA spectrum, which represents

the location (angle) probability of the target. By combining Doppler frequency shift with the AoA spectrum, we

are then able to estimate the human velocity, location, and thus moving trajectory, achieving our goal of accurate

device-free human tracking with commodity Wi-Fi devices.

A number of challenges need to be addressed before the idea can be realized on commodity Wi-Fi devices.

First, the amount of Doppler frequency shift caused by human movement is very small (e.g., less than 100 Hz for

a 5 GHz Wi-Fi channel) compared with the carrier frequency (5 GHz). Second, commodity Wi-Fi receivers are

not tightly synchronized with the transmitter in terms of carrier frequency and time, causing a random phase

offset in each CSI sample. If this random phase offset is not handled properly, the accuracy of Doppler frequency

shift estimation is greatly affected. Third, even with accurate estimation of the Doppler frequency shift of the

reflection signal, there is no direct translation from Doppler frequency shift to target velocity, since the target’s

velocity also depends on the current location of the target which is unknown. Last, even with target velocity

estimated, without knowing the accurate starting point, the absolute trajectory still can not be obtained.
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In this work, we propose IndoTrack, a device-free tracking system that utilizes only three commodity Wi-Fi

devices: one transmitter and two receivers. IndoTrack addresses all the above mentioned challenges with two

innovative methods. Specifically, this work makes the following contributions:

• We propose Doppler-MUSIC to estimate the Doppler velocity (i.e., the change speed of the path length)

from Doppler frequency shift with CSI samples collected from commodity Wi-Fi devices. Our method

intelligently utilizes information from two colocated antennas on a same Wi-Fi card to remove the random

CSI phase offset introduced by sampling frequency offset, packet detection delay, and the carrier frequency

offset between the transmitter and receiver. We also remove the strong direct path signal to increase the

accuracy of Doppler estimation of the weak reflection signal. Together, these strategies allow us to capture

accurate CSI phase changes in time domain, and then process the CSI phase information with the MUSIC

algorithm to obtain the Doppler velocity.

• We propose Doppler-AoA, a probabilistic, space-time joint trajectory estimation method. The Doppler-

AoA method combines Doppler velocity and AoA spectrum of the target reflection path to estimate the

absolute location and project Doppler velocity into target velocity, thus determining the absolute starting

point and achieving accurate human tracking in indoor environments.

• We design and implement IndoTrack on commodity Intel 5300 Wi-Fi cards and conduct comprehensive

experiments in different indoor environments covering typical human movement patterns. Moreover, we

conduct an in-situ experiment to test the feasibility of IndoTrack for daily human trajectory recording. Our

results demonstrate that IndoTrack can achieve highly accurate trajectory estimations (35cm median error),

and present accurate velocity and location information for high-level physical and behavioral analysis of

human movements in indoor environments.

The rest of the paper is organized as follows. Section 2 discusses related work and Section 3 gives an overview

of our system design. Section 4 and Section 5 describe in detail the Doppler-MUSIC method for estimating

Doppler velocity and the Doppler-AoA method for space-time joint estimation of absolute human trajectory.

Section 6 presents the evaluation results. Section 7 discusses some limitations and future directions followed by a

conclusion in Section 8.

2 RELATED WORK

Our work is broadly related to research in the areas of indoor human tracking, indoor localization and gesture

recognition. Over the years, many different location and tracking technologies have been developed including

radio frequency [2, 44], inertial sensors [7, 40], camera [10], sound [14, 27, 39], infrared [16, 17], and visible

light [20, 24]. Given the large amount of work in these areas, an exhaustive survey is beyond the scope of this

paper. Inertial sensor-based methods fall in the device-based category. Camera-based solutions require good

lighting conditions and raise privacy concerns. Sound-based solutions are vulnerable to environmental noise

and the coverage area is very small. Infrared systems require dedicated infrastructure to be installed which

are expensive. Visible light-based solutions require strict line-of-sight (LoS) condition and do not work in dark

environment. In this work, we focus on device-free human tracking using commodity Wi-Fi devices and we only

discuss the most related research works here.

2.1 Indoor Human Tracking

Indoor human tracking has been employed to monitor and study people’s behaviours, such as elderly and disabled

people’s daily routines [11, 12, 22], people’s habits and interactions in workspace [9, 28]. Earlier solutions require

either a special purpose device to be carried by the user, or extensive instrumentation of the environment.

For example, Au et al. proposed a tracking and navigation system using RSS (Received Signal Strength) and
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compressive sensing on a mobile device [4]. Hardegger et al. utilized mobile and wearable sensors to track

locations and associate them with human activities [18, 19].

On the other hand, there is very limited work on Wi-Fi-based device-free human tracking. WiDeo [21] is

implemented on the WARP software-defined radio platform and achieves a fine-grained motion tracing. However,

hardware modification is required to implement it on commodity Wi-Fi devices. Wi-Vi [3] relies on a special

device that can capture the reflections of its own transmitted signals reflected off moving objects behind a wall in

order to track them, and it tracks only the relative movement but not be able to obtain the absolute location. The

most relevant work is WiDar [30], which also tracks human movement by estimating the Doppler frequency

shift. WiDar estimates the Doppler frequency shift with CSI amplitude information using FFT method, which is

similar to [37, 38]. However, the CSI amplitude is known to be coarse with a large variation [35]. Furthermore,

the CSI amplitudes do not provide direction information of the Doppler velocity. As such, WiDar requires

multiple Wi-Fi links with significantly different spatial features in order to determine the moving direction and

trajectory location. Thus, for WiDar to work with only two receivers, the antennas of the Wi-Fi receiver need to

be separated far away from each other, which is difficult for commodity Wi-Fi devices. Adding a feeder line to

the antenna to increase the distance would significantly decrease the quality of the received signal and affect the

data communication. In comparison, our system employs the more stable phase information of CSI and proposes

an innovative Doppler-MUSIC method to estimate the accurate velocity with direction information. Moreover,

IndoTrack proposes a Doppler-AoA method that combines the Doppler velocity and AoA spectrum to estimate

the absolute starting position and absolute trajectory. IndoTrack can work with only two receivers and does not

require the antennas to be separated by a large distance which is fully compatible with commodity Wi-Fi devices.

2.2 Gesture Recognition and Gesture Tracking

Human gesture recognition and gesture tracking have attracted a lot of attention in the research community

of mobile communication and human-computer interaction. While the former focuses on recognizing a set of

pre-defined gestures [1, 25, 29], the latter aims to track hand movements in the air [34, 36]. For instance, WiSee

achieves whole-home gesture recognition using software-defined radios (USRP), and uses FFT to detect Doppler

shifts [29]. RF-IDraw builds a virtual touch screen using RFID and utilizes AoA information for fine-grained

tracking [36]. WiDraw utilizes AoA information and needs dense Wi-Fi transmitters in the environment to cover

all directions [34]. A number of acoustic solutions have also been proposed for gesture recognition and gesture

tracking [27, 39, 47]. They generally leverage the Doppler shift in the acoustic frequency band, and augment that

with inertial sensors such as accelerometer and gyroscope to further improve the accuracy.

2.3 Indoor Localization

Indoor localization has been an area of active research in the last decade. For Wi-Fi-based localization, both

device-based and device-free solutions have been developed [5, 23, 26, 32, 35, 41, 45, 46]. Earlier solutions are

mostly based on RSSI (Received Signal Strength Indicator) and achieve meter-level localization accuracies [5].

More recent solutions utilize CSI (Channel State Information) and AoA to localize a target within tens of centime-

ters. Most of these solutions either require the target to hold a transmitting device, or require dense deployment in

the environment, and their localization accuracies deteriorate significantly when the target is moving. Our recent

work Dynamic-MUSIC addresses the moving target localization problem by separating incoherent dynamic path

signals from coherent static path signals [26]. Still, dense AP deployment is needed and the system is not able to

track continuous movement of human target. Instead, in this work, we aim to tackle the human tracking problem

by jointly estimating human velocity and location at each timestamp continuously.
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Fig. 1. System overview: to accomplish device-free human tracking with commodity Wi-Fi devices, we propose two innovative

methods: Doppler-MUSIC estimates the Doppler velocity (i.e., the change speed of path length) employing CSI phase

information; Doppler-AoA couples Doppler velocity and AoA spectrum for probabilistic space-time joint estimation of the

human absolute trajectory.

3 SYSTEM OVERVIEW

Figure 1 illustrates the overall framework of IndoTrack. IndoTrack accurately estimates the human velocity at

each time point, and then couples the velocity information with angle information for human tracking. IndoTrack

only employs one Wi-Fi transmitter (TX) and two receivers (RX), and leverages Wi-Fi CSI samples available at

commodity Wi-Fi devices for estimation. IndoTrack achieves the objective with a two-step design employing

novel methods proposed in this work. Here is a brief description of the workflow for IndoTrack:

(1) The receivers receive Wi-Fi signals from the transmitter and record the CSI of each packet.

(2) With the recorded CSI samples, IndoTrack employs the proposed Doppler-MUSIC method to estimate the

speed of the moving human’s reflection path length change. The Doppler-MUSIC method addresses the

varying intervals issue of CSI samples and the random CSI phase offsets problem due to the unsynchronized

Wi-Fi transmitter and receivers. It includes a number of novel steps to accurately measure the subtle

Doppler shift introduced by human movements.

(3) When a non-zero Doppler velocity is estimated (i.e., human is moving), IndoTrack leverages Doppler-AoA,

another method proposed in this work, to map the Doppler velocity to human velocity and obtain velocity

and location information at the same time. Doppler-AoA works via probabilistic joint estimation of human

velocity and location with space-time constraints of Doppler velocity and AoA spectrum. The AoA spectrum

is estimated from the recorded CSIs with method proposed in our previous work [26] and indicates the

moving target’s angles to the two receivers.

(4) The system continuously estimates the human trajectory with the methods above. When the target stops

moving, such as sitting on the sofa or sleeping on the bed, no valid velocity will be detected by IndoTrack.

In such a scenario, IndoTrack will output the estimated trajectory and prepare for the estimation of next

trajectory segment.

The output trajectory generated by IndoTrack is a series of < time, location,velocity > tuples, which can

be used for comprehensive physical/behavioral analysis of high-level semantics. By knowing if and when a

person is moving, how fast a person is moving, and the locations where a person is moving from/to, we can gain

useful insights about a target’s activities of daily living, identify routine vs. abnormal behaviours (e.g., scheduled

meal times vs. delayed meals, missed activities such as taking medication or exercising, level of activeness, any

deteriorating physical mobility, etc.).

In the next two sections, we will present in detail how to estimate the Doppler velocity with commodity Wi-Fi

CSI samples (Doppler-MUSIC in Section 4), and how to jointly estimate human location and velocity to obtain

the trajectory information (Doppler-AoA in Section 5).
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4 DOPPLER-MUSIC FOR DOPPLER VELOCITY ESTIMATION

In this section, we describe in detail how we estimate Doppler velocity (i.e., the change speed of the path length)

using CSI samples collected from commodity Wi-Fi devices. We first introduce how the subtle Doppler frequency

shift caused by human movements can be estimated. Then, we propose a MUSIC-based algorithm to estimate

the Doppler velocity from CSI samples with varying intervals. Meanwhile, we combine information from many

subcarriers to address the influence of frequency selective fading. At last, we discuss in detail how to handle the

random CSI phase offsets on commodity Wi-Fi devices.

4.1 Extracting Doppler Frequency Shift from CSI

As illustrated in Figure 2, in a typical indoor environment with a pair of Wi-Fi transmitter and receiver, the

Wi-Fi signal is not only propagated along the direct path, but also reflected by other objects such as the human

body and walls. The signal received at the receiver is thus a superposition of signals from all the paths. This

phenomenon is called multipath propagation. When a person moves in the environment, the path length of the

human reflection signal changes accordingly, which introduces a Doppler frequency shift to the carrier frequency

of the reflected signal:

fDoppler = f
vpath

c
,

where f is the original carrier frequency of the signal, vpath is the speed of path length change, and c is the
propagation speed of the Wi-Fi signal in the air. Note that when the human is moving, the introduced Doppler

frequency shift to the Wi-Fi signal is only tens of hertz for a 5 GHz channel [38]. Detecting such a subtle Doppler

frequency shift from a much large carrier frequency is difficult.

Fig. 2. Human movement leads to changes in the length of the human refection path, and the speed of this path length

change can be estimated by Doppler frequency shift.

Fortunately, the CSI information available on commodity Wi-Fi devices presents us a chance to estimate the

Doppler frequency shift with only a several hundred hertz of sampling rate. For a Wi-Fi signal, the CSI represents

the amplitude attenuation and phase change in each subcarrier due to signal propagation from the transmitter to

the receiver. Considering only one signal, the CSI of the signal at time t0 is x ( f , t0) = A0e
−j2π f τ0 , where A0 is the

attenuation and τ0 is the propagation delay. If the propagation path length changes at a speed of v and we ignore

the attenuation change, after a short time period t , the path length change is Δlpath = vt and the propagation

delay change is Δτ = vt
c
. So the CSI of the signal is x ( f , t0 + t ) = A0e

−j2π f (τ0+vtc ) = x ( f , t0)e
−j2π f vtc . The phase

change rate of CSI represents the Doppler frequency shift of the signal. When multipath reflections in the real
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world are considered, the CSI recorded for each packet can be represented as follows:

x ( f , t0 + t ) =
L∑
i=1

Aie
−j2π f (τi+vi tc ), (1)

where L is the number of propagation paths, τi is the propagation delay of the ith path signal at time t0, and vi is
the ith path’s length change speed. Based on Equation 1, the CSI can be treated as the superposition of L “signals”

and the phase change rate of the ith “signal” is the Doppler frequency shift (f vi
c
) of the ith path signal. Therefore,

if the sampling rate of CSI is larger than twice of the max Doppler frequency shift, we could obtain the Doppler

frequency shift of each path signal. This shift includes both the amplitude and direction information. For the

walking speed, the required sampling rate of CSI is below several hundred hertz, which is easily achievable on a

commodity Wi-Fi device.

4.2 MUSIC-based Doppler Estimation

Although it is possible to estimate Doppler frequency shift of the Wi-Fi signal with only several hundred hertz

of sampling rate, two problems still exist in order to obtain accurate Doppler frequency shift estimation using

commodity Wi-Fi devices. First, only one CSI sample is obtained for each Wi-Fi packet, so the sample interval

depends on when the packets arrive. In reality, commodity Wi-Fi devices are not able to send and receive

packets with fixed precise intervals due to the packet loss/delay caused by environmental noise and interference.

Therefore, the adjacent CSI samples usually have varying intervals between them. Second, the Wi-Fi signal

is transmitted on multiple subcarriers. Due to frequency selective fading, different subcarriers have different

signal-to-noise ratios (SNR). If we select a subcarrier with low SNR to process, the Doppler information estimated

is less accurate.

To address these problems, we propose a MUSIC-based algorithm to obtain the accurate Doppler frequency

shift estimates. We first consider the scenario with only one path signal. Assume we receiveM CSI samples, each

is timestamped at a microsecond-level precision (supported by commodity Wi-Fi cards such as Intel 5300). The

first CSI sample is collected at t0, and the sampling interval of each sample with respect to the first sample is

[0,Δt2, . . . ,ΔtM ], where Δt1 = 0. In a short sampling window, we can ignore the attenuation difference across

different CSI samples and treat the path change speed as a constant. So the phase difference between the ith CSI

sample and the first sample is e−j2π f
vΔti
c , where f is the original carrier frequency of signal. Thus, the phase

differences between theMth CSI samples and the first CSI sample can be expressed as follows:

�a(v ) = [1, e−j2π f
vΔt2
c , e−j2π f

vΔt3
c , . . . , e−j2π f

vΔtM
c ]� (2)

We call �a(v ) the Doppler vector and the CSI sample matrix withM samples is represented as:

X( f ) = [x ( f , t0),x ( f , t0 + Δt2), . . . ,x ( f , t0 + ΔtM )]�

= [1, e−j2π f
vΔt2
c , e−j2π f

vΔt3
c , . . . , e−j2π f

vΔtM
c ]�x ( f , t0) + n( f )

= �a(v )x ( f , t0) + n( f ) (3)

where n( f ) is the noise. When only one path signal exists, we can calculate the Doppler frequency shift easily

from the phase measurements across CSI samples. In real-life situation with multipath, L path signals would
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arrive at the receiver. Based on Equation 1 and Equation 3, the CSI sample matrix is now expressed as:

X( f ) =
L∑
i=1

�a(vi )si ( f , t0) + ni ( f )

= [�a(v1), �a(v2), . . . , �a(vL )][s1 ( f , t0), s2 ( f , t0), . . . , sL ( f , t0)]
� + N( f )

= AS( f ) + N( f ) (4)

where vi is the path change speed of the ith path signal, A = [�a(v1), �a(v2), . . . , �a(vL )] is anM × L matrix with all

Doppler vectors, si ( f , t0) is the CSI of the i
th path signal that is measured at the first sampling time (t0), matrix

S( f ) = [s1 ( f , t0), s2 ( f , t0), . . . , sL ( f , t0)]
� is the signal matrix, and N( f ) is the noise matrix. If we can resolve

matrix A, we could get the Doppler frequency shift of each path signal.

Fig. 3. K CSI snapshots across K subcarriers for each sample and M samples can be extracted from M packets.

To resolve matrix A, we apply the MUSIC algorithm [31], which was previously applied to estimate the AoA of

each path signal. However, one more condition needs to be satisfied before we could apply the MUSIC algorithm:

each CSI sample requires multiple snapshots to average out the random noise. If we only employ one snapshot

for a sample, the estimate may have a large error due to random noise. To address this problem, we take multiple

snapshots for each CSI sample in the frequency domain as shown in Figure 3. The commodity Wi-Fi device

provides CSI on multiple subcarriers.1 Let K be the number of subcarriers with CSI, we have K snapshots of CSI

for a CSI sample. For the ith CSI sample, it can be expressed as:

�x ( f , t0 + Δti ) = [x ( f1, t0 + Δti ),x ( f2, t0 + Δti ), . . . ,x ( fK , t0 + Δti )] (5)

where fk is the original carrier frequency of the kth subcarrier. The ith path signal in the signal matrix S( f ) can
be expressed as:

�si ( f , t0) = [si ( f1, t0), si ( f2, t0), . . . , si ( fK , t0)] (6)

where si ( fk , t0) is the CSI of the k
th snapshot of the ith path signal at the first sampling time (t0). We take CSIs

from all subcarriers, thus avoiding choosing a particular subcarrier with low SNR which may lead to less accurate

Doppler shift estimation. With Equation 5 and Equation 6, Equation 4 can be expressed as:

X( f ) = [�x ( f , t0), �x ( f , t0 + Δt2), . . . , �x ( f , t0 + ΔtM )]�

= [�a(v1), �a(v2), . . . , �a(vL )][�s1 ( f , t0), �s2 ( f , t0), . . . , �sL ( f , t0)]
� + N( f )

= AS( f ) + N( f ) (7)

We are now ready to apply the MUSIC algorithm to estimate the Doppler frequency shift using the CSI samples.

The basic idea of the MUSIC algorithm is eigenstructure analysis of anM ×M correlation matrix RX of theM

1The Intel 5300 Wi-Fi card provides the CSI of 30 subcarriers for each packet.
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CSI samples. From Equation 7, we express RX as:

RX = E[XXH]

= AE[SSH]AH + E[NNH]

= ARSA
H + σ 2

I (8)

where RS is the correlation matrix of the signal matrix, I is an identity matrix and σ 2 is the variance of noise. The

correlation matrix RX hasM eigenvalues. The smallestM − L eigenvalues correspond to the noise and the other L
eigenvalues correspond to the L path signals. The eigenvectors corresponding to the smallestM − L eigenvalues

construct a noise subspace EN = [�e1, . . . ,�eM−L]. The signal and the noise subspace are orthogonal so the Doppler

velocity spectrum function can be expressed as:

P (v )MUSIC =
1

aH (v )ENEN
H
a(v )

(9)

in which sharp peaks correspond to the Doppler velocity of the path signals appear. Since the original carrier

frequency and propagation speed of Wi-Fi signals are known, we can then obtain the Doppler velocity.

4.3 Addressing Random CSI Phase Offset

On commodity Wi-Fi devices, there is one more challenge before we can apply the MUSIC-based algorithm

proposed above for Doppler velocity estimation. For commodity Wi-Fi devices, the receivers are not tightly time

synchronized with the transmitter, resulting in a time-variant random phase offset e−jθof f set [38, 42] in each CSI

sample as shown in Equation 10:

x ( f , t0 + t ) = e−jθof f set
L∑
i=1

Aie
−j2π f (τi+vi tc )

= e−jθof f set (xs ( f , t0) +
∑
i ∈Gm

Aie
−j2π f (τi+vi tc ) ) (10)

where xs ( f , t0) represents the static path component in the CSI sample and Gm is the set of mobile path com-

ponents. Here mobile path components refer to those signals reflected from the moving target while the static

path component refers to the direct path signal and the reflection signal from static objects such as walls. The

time-variant random phase offsets distort the phase changes in time domain, thus affecting the Doppler velocity

estimation. To remove these phase offsets, we propose the following novel steps:

(1) Conjugate multiplication. A commodity Wi-Fi card is usually equipped with multiple antennas (e.g., 3

antennas for Intel 5300 Wi-Fi card). A CSI sample contains the CSI from all antennas. The key property

we utilize here is that the time-variant random phase offsets are the same across different antennas on a

Wi-Fi card [23, 26] as they share the same RF oscillator. Therefore, on a Wi-Fi card, we can apply conjugate
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multiplication between the CSI of two antennas to remove the time-variant random phase offsets:

xcm ( f , t0 + t ) = x1 ( f , t0 + t )x2 ( f , t0 + t )

= (x1,s ( f , t0) +
∑

i ∈Gm1

Aie
−j2π f (τi+vi tc ) ) (x2,s ( f , t0) +

∑
k ∈Gm2

Ake
j2π f (τk+

vk t

c ) )

=

1©︷�������������������︸︸�������������������︷
x1,s ( f , t0)x2,s ( f , t0) +

2©︷��������������������������������������������������︸︸��������������������������������������������������︷∑
i ∈Gm1,k ∈Gm2

A1,iA2,ke
−j2π f ((τi−τk )+ (vi −vk )t

c )

+

3©︷��������������������������������������︸︸��������������������������������������︷
x2,s ( f , t0)

∑
i ∈Gm1

A1,ie
−j2π f (τi+vi tc ) +

4©︷��������������������������������������︸︸��������������������������������������︷
x1,s ( f , t0)

∑
k ∈Gm2

A2,ke
j2π f (τk+

vk t

c ) (11)

where xcm ( f , t0 + t ) is the output after conjugate multiplication, x1 ( f , t0 + t ) is the CSI of the first antenna,
x2 ( f , t0 + t ) is the conjugate of the CSI of the second antenna, Gm1 and Gm2 are the sets of mobile paths at

the first antenna and second antenna, respectively.

(2) Remove static component. In Equation 11, the product of the static-path components of two antennas,

which is marked with 1©, can be treated as a constant in a short time period. It does not contain the

Doppler velocity information we care about. However, the power of the static component can be very high,

since it contains the strong direct path signals. To avoid the static component’s interference on Doppler

velocity estimation, we remove the static component by subtracting the mean value from the conjugate

multiplication.

(3) Adjust the power of each antenna. In Equation 11, the product of mobile path components, which is

marked with 2©, has a very small value so we can ignore it. The remaining terms, which are marked with 3©
and 4©, are the two products of the static paths component of one antenna and the mobile paths component

of another antenna. These two terms contain the Doppler velocity information that we care about. Since

the two close-by antennas have similar multipaths, the Doppler velocity information in these two terms

have similar value but opposite direction. We want the Doppler velocity obtained from the term that is the

product of the first antenna’s mobile paths component and the second antenna’s static paths component,

which is marked with 3©. Thus, we reduce the power of the static paths component on the first antenna by

subtracting a value α and increase the power of static paths component on the second antenna by adding a

value β .2 With the power adjustment step described above, the term containing the correct Doppler velocity

information has much higher power in the multiplication output and can be identified in the spectrum.

In IndoTrack, we employ the above steps to remove the random CSI phase offset and then use the MUSIC-based

algorithm to estimate the Doppler velocity. Figure 4(a) shows an example of the Doppler velocity spectrum

obtained. The position of the highest peak corresponds to the target’s Doppler velocity, which is introduced by

the human’s movement [37]. Figure 4(b) shows the speed-time plot we obtain when a person walks towards the

ligature of the pair of transceivers and then walks away.

5 DOPPLER-AOA FOR HUMAN TRAJECTORY ESTIMATION

The Doppler-MUSIC method proposed in previous section allows us to estimate the Doppler velocity of the

human reflection path. To obtain absolute trajectory estimation, more work is needed. First, there is no direct

translation between Doppler velocity and human velocity, since it also depends on the human’s location at each

2In our implementation, in each estimation window, we choose α so the minimum amplitude of CSI across all the samples within the window

at the first antenna is reduced to zero, and we set beta as 1000α .
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(a) Doppler velocity spectrum (b) Speed-time spectrum

Fig. 4. (a) is a Doppler velocity spectrum based on CSI samples collected in 0.3s with a 200Hz sampling rate; (b) is a speed-time

spectrum which we estimate the Doppler velocity every 0.05s .

timestamp. Furthermore, the velocity information does not contain the absolute location information so the

starting point of the trajectory is still unknown.

To address the problems, we observe that (1) although AoA-based location estimation with only 3 antennas is

very coarse, the AoA spectrum does help to restrict the trajectory in spatial domain; (2) although different from

human velocity, the Doppler velocity does contain the velocity information of the target and thus restrict the

trajectory in time domain; and (3) by jointly considering Doppler velocity and AoA spectrum, we can continuously

estimate the absolute human location and velocity at the same time and thus obtain accurate absolute trajectory

estimate. In this section, we first analyze the geometrical relationship among Doppler velocity and human velocity

with respect to the human target’s location. We then present the detailed design of space-time joint trajectory

estimation.

5.1 Geometrical Relationship: From Doppler Velocity to Human Velocity

For simplicity of explanation, we treat the moving human target as a point in this section. When the human

movement changes the length of the reflection path, it will introduce a Doppler frequency shift on the Wi-Fi

signal. Given a pair of Wi-Fi transceivers and a human target, there exists an ellipse with foci at the transmitter

and receiver, and the human target is on the ellipse, as shown in Figure 5(a). If the human target walks along the

tangent direction of the ellipse, the movement will not change the reflection path length and we can not detect

any Doppler frequency shift. However, if there is a velocity component along the normal direction of the ellipse,

the movement will change the reflection path length and cause a Doppler frequency shift.

Suppose we know the human’s position �ph =< xh ,yh >. Given the positions of the transmitter (�ptx =<
xtx ,ytx >) and receiver (�prx =< xrx ,yrx >), at the human’s position �ph , we can calculate the normal vector

(�ln =< xn ,yn >) of the ellipse easily. As illustrated in Figure 5(b), we obtain the following equations regarding to

the human’s normal velocity component (�vn =< vnx ,vny >):

⎧⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪
⎩

�vn = k
�ln

‖�ln ‖
�vn ·(�ph−�ptx )
‖�ph−�ptx ‖ =

vpath
2

�vn ·(�ph−�prx )
‖�ph−�prx ‖ =

vpath
2

(12)

where vpath is the path change speed (Doppler velocity) we estimate from the Doppler-MUSIC method. Based on

these equations, we can calculate the human’s normal velocity component. As shown in Figure 5(c), if we have
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(a) (b) (c)

Fig. 5. Geometrical relationship between human velocity and Doppler velocity.

another receiver, we could obtain another group of equations for the human’s velocity (�vh =< vhx ,vhy >):

⎧⎪⎪⎪⎨
⎪⎪⎪
⎩

�vh ·�ln1
‖�ln1 ‖

= ‖�vn1‖
�vh ·�ln2
‖�ln2 ‖

= ‖�vn2‖
(13)

where �lni =< xni ,yni > is the normal vector and �vni =< vnxi ,vnyi > is the normal velocity component of the

human for the ith pair of transceivers at the human’s current position. Therefore, we can calculate the human’s

velocity �vh based on Equation 13.

5.2 Doppler-AoA Method

The discussion above assumes that we know the starting position of the human target. In this section, we describe

how to determine the absolute starting position. Subsequent human locations and velocities can be determined

based on the current location and velocity. We apply joint space and time constraints to obtain the probabilistic

estimation of the starting position and trajectory. As illustrated in Figure 6, let < x1,y1 > be the starting position.

Based on the geometrical relationship, we can calculate the human velocity from the Doppler velocities of the

two pairs of transceivers. Thus, we could know the human’s position at the next time point. Similarly, based on

the human’s position and detected Doppler velocities at time point 2, we can calculate the human velocity and

Fig. 6. Calculate the confidence value for a candidate trajectory: a trajectory contains T points, < x1,y1 > is the starting

position, < v1i ,v
2
i > is the Doppler velocity estimated by the Doppler-MUSIC method at point i , < AoA1

i ,AoA
2
i > is the

expected AoA to the two receivers, < P1i , P
2
i > is the estimated AoA spectrum, Probi is the confidence value of the position at

point i and Probtrace is the overall confidence value of the whole candidate trajectory.
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obtain the human’s position at time point 3. Finally, we can determine the whole trajectory. On the other hand,

at time point i of the trajectory, based on the CSI measurements, we can obtain the AoA spectrum (< P1
i , P

2
i >),

which represents the angle information of the human to the two receivers. We can also calculate the expected

human angle (< AoA1
i ,AoA

2
i >) to the two receivers if the human’s position is (< xi ,yi >). Thus, we can now

compare the AoA spectrum and the human angle to calculate the confidence value of the human’s position at

time point ti : Probi = P1
i (AoA

1
i ) · P2

i (AoA
2
i ). We compute the confidence value of the whole trajectory with the

starting position at < x1,y1 > by adding the confidence values at all positions along the trajectory:

Probtrace (< x1,y1 >) =
T∑
i=1

Probi (14)

where T is the number of points along the trajectory. Using this method, we can calculate the confidence values

for all candidate starting positions and choose the position with the highest overall confidence value as the

starting position. As a result, we obtain the absolute trajectory. Moreover, to speed up the starting point estimate,

we narrow down the search space by checking if the whole trajectory is still within the sensing zone. If we find

the trajectory exceeds the sensing zone, the starting position is removed from the candidate list. Removing such

infeasible staring positions helps reduce the computation and speed up the estimation process.

5.3 Continuous Human Trajectory Tracking

Our system is designed to track human movement continuously and automatically output segmented trajectories

when the human target is stationary, such as sitting on the sofa, sleeping in the bed, or moving outside of the

monitoring area. We use a threshold-based method to determine when the human target stops moving. In the

Doppler-MUSIC method, if there is no moving target in the environment, mobile path signal does not exist. Thus

the highest peak’s power in the Doppler velocity spectrum would be very low. In contrast, when there is human

movement, the power is much higher. Figure 7(a) shows the cumulative distribution function (CDF) of the highest

peak’s power of Doppler velocity spectrum in the static and dynamic environments. There is a clear gap between

the two curves. Based on comprehensive experiments, we choose the 90th percentile of the highest power in the

static environment as the threshold pt . For each spectrum, we choose the highest peak as the target peak and its

power is ppeak . If ppeak < pt , we conclude that there is no moving target and the target’s Doppler velocity is zero.

Due to environmental noise, this threshold-based method may detect few false movements in static environment.

However, such false movement does not last long, so it can be easily filtered out. Based on the detected Doppler

(a) (b) System workflow

Fig. 7. (a) is the CDF of the power of the highest peak on the Doppler velocity spectrum; (b) shows the system workflow for

continuous human trajectory tracking.
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velocity, if the person stays stationary for a period of time, we conclude the person has completed a trajectory

and output this trajectory. Figure 7(b) shows the full process of continuous human trajectory tracking.

6 EVALUATION

In this section, we first describe our system implementation and experimental setup. We then present the detail

experimental results and the performance of IndoTrack in terms of both of velocity estimation accuracy and

tracking accuracy. We also conduct a feasibility study in a home environment to analyze high-level semantics

that can be supported via IndoTrack’s indoor human trajectory tracking capabilities.

6.1 Implementation

IndoTrack requires one Wi-Fi transmitter and two receivers. We employ GIGABYTE miniPCs equipped with

cheap off-the-shelf Intel 5300 Wi-Fi cards as the transmitter and receivers. Three antennas are attached to each

receiver and the antenna space is half-wavelength of the Wi-Fi signal. The CSI tool [15] developed by Halperin

is installed on the miniPCs to collect the CSI sample for each received packet. The sampling rate of CSI in

our experiments is set to 200 Hz to ensure that all Doppler frequencies caused by human movements can be

detected as the human velocity in indoor environment is usually less than 3m/s [6]. For each packet, the Intel

5300 Wi-Fi card provides CSI on 30 subcarriers and thus, we have 30 snapshots of CSI for our Doppler-MUSIC

method. For each Doppler velocity estimation, we employ CSI samples collected in a time window of 0.3 seconds.
IndoTrack can be hosted on any Wi-Fi channel in the 2.4 GHz and 5 GHz bands. In order to avoid interference,

our experiments are conducted in an unused 5 GHz frequency band with a 20 MHz bandwidth. There is no

restriction on the type of packets, so any Wi-Fi packet including the beacons can be employed for the tracking

system. Therefore, IndoTrack has a minimum impact on existing Wi-Fi data communication. When we deploy the

IndoTrack system, we carefully measure the positions of Wi-Fi transmitter and receivers with a laser range meter.

(a) (b) (c)

Fig. 8. (a) is the setup for the evaluation of Doppler-MUSIC method; (b) and (c) show the two experimental environments for

the evaluation of tracking performance: an empty room and a meeting room.

To evaluate the performance of IndoTrack, we first conduct experiments to evaluate the accuracies of target

velocity estimation, in terms of both velocity amplitude and direction. In order to obtain the ground truth of

human moving velocity, we use the Lighthouse system of HTC Vive, which is a real-time localization and

motion tracking system for virtual reality applications. The size of the sensing zone of the Lighthouse system is

3.5m × 3.5m and the tracking accuracy is 1.5mm. We fix a Vive controller on the chest of the human target to

measure the ground truth of his moving velocity. Figure 8(a) shows the setup of the experiment.

Then we evaluate the tracking performance of IndoTrack by conducting experiments in two indoor environ-

ments, as shown in Figure 8(b) and 8(c): one is an empty room and the other is a meeting room equipped with
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(a) (b) (c)

(d) (e) (f)

Fig. 9. (a) and (b) are two examples of the tracking results of IndoTrack; (c) and (d) show the overall performance of Doppler-

MUSIC method: (c) shows the accuracy of estimated human velocity amplitude, (d) shows the accuracy of estimated human

velocity direction; (e) and (f) show the benefit of adjusting power of antennas and removing static component .

furniture and electrical appliances with rich multipath. The size of sensing zone of our tracking is 6m × 6m. We

place some markers on the floor and use video cameras to record when the person walks over the markers, which

is the ground truth of each trajectory. In our experiments, 5 volunteers (targets) walk along different shapes of

trajectories such as line, rectangular, circle, etc over a time period of 3 weeks. We collect 270 trajectories for each

person and we report the tracking error3 to show the performance of IndoTrack. Figures 9(a) and 9(b) show two

examples of the tracking results of IndoTrack.

Finally, we also conduct an in-situ experiment to test the feasibility of IndoTrack to record human daily indoor

trajectories and extract the high-level semantics based on the trajectories.

6.2 Performance of Doppler-MUSIC

Velocity estimation. As shown in Figure 9(c) and 9(d), the median relative speed (velocity amplitude) error is as

small as 12% and the median velocity direction error is only 8◦. We also compare our Doppler-MUSIC method

with PLCR, which was proposed in WiDar for Doppler frequency shift estimation [30]. Since PLCR estimates

Doppler velocity from CSI amplitudes, it can not provide the direction information. In the comparison, we only

use the PLCR method to estimate the amplitude of Doppler velocity and use our Doppler-MUSIC method to

provide the direction information for PLCR. As shown in Figure 9(c) and 9(d), even with our direction information

added to improve the performance, the median relative speed error of PLCR is 38% and the median direction error

is 13◦. The reason is that our Doppler-MUSIC method estimates Doppler velocity with CSI phase, which is more

3We treat the human body as a cylinder with a width of 50cm as the reflection points on the body are always changing. If the estimated

location is within the zone of the cylinder, we consider there is no tracking error.
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(a) (b) (c)

(d) (e) (f)

Fig. 10. (a) and (b) show the estimated human velocity accuracy for different walking speeds; (c) and (d) show the estimated

human velocity accuracy for different walking direction; (e) shows the overall tracking performance and the impact of packet

loss/delay; (f) shows the CDF of tracking error for four different types of trajectories.

stable than CSI amplitude used in PLCR. Therefore, we can make more accurate Doppler velocity estimation than

WiDar and achieve a smaller velocity error. In addition, compared with the PLCR method, our proposed method

could estimate both the amplitude and direction of Doppler velocity at the same time.

Benefit of adjusting power of antennas (PA) & removing static component (RS). To improve the accuracy of

Doppler velocity estimation as described in section 4.3, we adjust the power of the two antennas before the

conjugate multiplication, and remove the static component after the multiplication. We show the effect of these

two steps in Figure 9(e) and 9(f). If we neither adjust the power of antennas nor remove the static component, the

median relative speed error is 32% and the median direction error is 28◦. If we only adjust the power of antennas,

the relative speed error is 20% and the median direction error is 12◦. If we only remove the static component,

relative speed error is 14% and the median direction error is 9◦. Thus, we can see that after we remove the strong

interfering static component, the performance of IndoTrack is improved significantly. The power of the two

antennas is adjusted to ensure we can detect the correct direction information of the Doppler velocity. With this

step, the tracking performance is further improved.

Impact of moving speed diversity. According to the literature [6, 13], the comfortable walking speed of a human

is 1− 1.5m/s . In order to show the impact of human moving speed, we let the human target walk at three different

of speed levels: slow (below 1m/s), normal (1 − 1.5m/s) and fast (1.5 − 3m/s). As shown in Figure 10(a) and 10(b),

the speed does not affect the performance of our Doppler-MUSIC method and thus IndoTrack achieves similar

velocity estimation errors.
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(a) (b) (c)

Fig. 11. (a) shows the CDF of tracking error for different walking speeds; (b) shows the CDF of tracking error for different

environments; (c) shows the CDF of tracking error for different persons.

Impact of moving direction diversity. Moreover, we also evaluate the impact of moving direction diversity. We

let the human walk along straight lines at different directions and then estimate the velocity with the proposed

Doppler-MUSIC method. As shown in Figure 10(c) and 10(d), the Doppler-MUSIC method achieve very similar

performance at all directions so the orientation does not affect the performance of IndoTrack.

6.3 Tracking Performance

Impact of packet loss/delay. As shown in Figure 10(e), without packet loss/delay, the median tracking error

of IndoTrack is 35cm. In real environment, commodity Wi-Fi devices will suffer from the packet loss/delay due

to environmental noise and interference. We thus randomly discard some Wi-Fi packets to emulate the packet

loss/delay scenario. As shown in Figure 10(e), even with a 50% packet loss, IndoTrack still achieves a similar high

tracking accuracy as there is no packet loss.

Impact of trajectory diversity. We choose 4 different typical shapes of trajectories to show the impact of trajectory

diversity: two types (vertical & horizontal) of zig-zag paths that look like ‘Z’, rectangle, and circle. As shown

in Figure 10(f), the median tracking error of the horizontal zig-zag is 40cm and the median tracking error of

the vertical zig-zag is 36cm. Both the rectangle and circle trajectories have a median tracking error of 30cm. So

IndoTrack is robust against different shapes of trajectories.

Impact of human speed. For the tracking performance of IndoTrack, we also conduct experiments to show the

influence of human speed. We let the human target walk at three different levels of speeds: slow (below 1m/s),
normal (1 − 1.5m/s) and fast (1.5 − 3m/s). As shown in Figure 11(a), even with very different walking speeds,

IndoTrack still achieves consistent high tracking accuracies.

Impact of environment. In order to show the influence of multipath, we conduct experiments in two different

environments. The sensing zones in the two environments have the same size: 6m × 6m. Figure 11(b) shows the

CDF of tracking errors in the two indoor environments. In the empty room, the median error is 33cm while in

the meeting room, the median error is 37cm. Even though there are more objects in the meeting room with more

reflection paths, IndoTrack achieves similar tracking performance. This demonstrates that the static multipaths

have little impact on IndoTrack’s performance as they are removed during the process and we only care about

the mobile multipath reflected from the human body.
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(a) (b) (c)

Fig. 12. (a) shows the layout of the in-situ experiment; (b) is an estimated trajectory, the sequence of activities is: getting

up–washing face at the sink–making the bed–taking food from fridge; (c) is an estimated trajectory, the sequence of activities

is: taking food from fridge–washing the dishes in the sink–cooking–eating on the sofa.

(a) (b)

Fig. 13. (a) is an estimated trajectory, the sequence of activities is: watching TV on the sofa–washing face at the sink–going

to sleep; (b) is the human velocity amplitudes that correspond to the trajectory shown in Figure 13(a).

Impact of human diversity. Five volunteers are employed as tracking targets including 2 females and 3 males of

different ages, heights, and weights. Figure 11(c) shows the CDF of tracking errors of IndoTrack for the 5 targets.

We can clearly see that, IndoTrack achieves consistent accuracies across different targets.

6.4 Feasibility Study of Daily Human Trajectory Recording

As shown in Figure 12(a), we emulate a typical studio flat with furniture placed in the meeting room (Figure 8(c))

for an in-situ experiment. The small grey circles in the figure represent the positions the human target stops to

perform some location related activities. We ask the volunteer to do some daily activities (e.g., cooking, washing
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face and eating, etc.) based on a script without any constraint on the trajectories. Figure 12 and Figure 13 show

the trajectories estimated. From the experiment, we can see that IndoTrack could successfully track the trajectory

and obtain the information such as the starting point and stopping point, for any random trajectory.

Moreover, from the recorded trajectory, we could extract the positions with in-place activities. As show in

Figure 12(b), when the target is performing in-place activities, his location changes in a very small range. The

human velocity, during the in-place activities, also exhibits random directions and small values. In addition,

IndoTrack is capable to distinguish two nearby in-place activities. As shown in Figure 12(c), the target washes

the dishes in the sink and then cooks at the cooking bench. Although the distance between the sink and the

cooking bench is less than 1m, the estimated trajectory could still reflect when the target moves from the sink

to the cooking bench. Besides the location semantic information, IndoTrack could also provide the velocity

semantic information of the target’s daily activities. Figure 13(b) shows the estimated velocity values of the

target, which corresponds to the trajectory in Figure 13(a). IndoTrack not only provides the velocity semantic

information when the target walks, but also the velocity information of the in-place activities, which may reflect

the type of activities and the degree of activeness. To summarize, the output of IndoTrack can be used for future

physical/behavioral analysis by extracting the high-level semantics.

7 DISCUSSIONS

In this work, we focus on designing an indoor human tracking system that is device-free and utilizes only

commodity Wi-Fi devices. Our current design supports single-person tracking. There are several directions to

further extend our work, which we discuss below.

Multiple-person tracking. Passive or device-free tracking of multiple people is known to be challenging. Multi-

person tracking requires distinguishing the reflection path signals from different human targets. However, a

person may generate more than one reflection path signal and these signals may be similar to other people’s

reflection path signals. As such, it is challenging to identify each person’s reflection path signal accurately in

a mixed signal with reflection paths from multiple persons, and this remains an important topic for further

research.

Real-time tracking. To estimate the absolute starting point, IndoTrack needs to calculate the confidence value of

each candidate starting position and choose the starting position with the maximum confidence value. Due to the

large number of candidate positions and the dynamic nature of human trajectories, the computational load is high

which impedes the real-time tracking. However, since the confidence value calculation of each candidate starting

position is independent from each other, it is possible to parallelize the computation for real-time tracking.

High-level semantics. The output of IndoTrack is timestamped human location, velocity, and trajectory infor-

mation, from which various types of high-level semantics can be extracted for further analysis in real-world

applications. For instance, for elderly care, the moving patterns captured by the trajectories offer rich information

about how the target moves around, his/her overall activeness and any abnormal movements for detecting illness,

missed tasks, etc.

More real-world evaluations. In this paper, we analyze the performance of IndoTrack based on evaluations in

two controlled environments. We also carry out a feasibility study about the capability of IndoTrack detecting

daily indoor movements and activities with an in-situ experiment. In the future, we plan to deploy IndoTrack

in a real home environment with people living and perform more evaluations about daily human activity and

trajectory tracking for quantitative analysis to facilitate real-world applications.
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8 CONCLUSION

In this paper, we propose a device-free human tracking system IndoTrack hosted on cheap commodity Wi-Fi

devices. We propose a novel Doppler-MUSIC method to accurately estimate the Doppler velocity introduced by

the human movements. We innovatively utilize information from two antennas to remove the random CSI phase

offsets to ensure accurate Doppler velocity estimation. We also propose the Doppler-AoA method to combine

Doppler velocity and AoA spectrum information to jointly estimate the absolute trajectory. IndoTrack is able

to track a single person at a median tracking error of 35cm. In addition, IndoTrack is able to monitor the daily

activities of a human target and provide timestamped human location, velocity, and trajectory information for

high-level mobility and behavioral analysis.
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