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Abstract— Time-of-flight (ToF) echo techniques have been1

recently suggested for ranging mobile devices over WiFi radios.2

However, these techniques have yielded only moderate accuracy3

in indoor environments because WiFi ToF measurements suffer4

from extensive device-related noise which makes it challenging5

to differentiate between direct path from non-direct path signal6

components when estimating the ranges. Existing multipath7

mitigation techniques tend to fail at identifying the direct path8

when the device-related Gaussian noise is in the same order9

of magnitude, or larger than the multipath noise. In order to10

address this challenge, we propose a new method for filtering11

ranging measurements that is better suited for the inherent12

large noise as found in WiFi radios. Our technique combines13

statistical learning and robust statistics in a single filter. The14

filter is lightweight in the sense that it does not require spe-15

cialized hardware, the intervention of the user, or cumbersome16

on-site manual calibration. This makes our method particularly17

suitable for indoor localization in large-scale deployments using18

existing legacy WiFi infrastructures. We evaluate our technique19

for indoor mobile tracking scenarios in multipath environments20

and, through extensive evaluations across four different testbeds21

covering areas up to 1000 m2, the filter is able to achieve a median22

2-D positioning error between 2 and 3.4 m.23

Index Terms— Indoor localization, 802.11, time-of-flight,24

analysis, design, implementation, evaluation.25

I. INTRODUCTION26

LOCALIZATION using the Time-of-Flight (ToF) of27

RF signals is today the most popular technique to track28

moving objects in outdoor environments. The most prominent29

usage of ToF is the Global Positioning System (GPS) which30

exploits signal propagation times from different satellites to31

localize mobile devices on earth. Also, radar systems com-32

monly rely on the propagation time of RF signals to localize33

aircrafts in the airspace. While the ToF technique has been34

widely adopted in outdoor environments, its application for35
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indoor localization in WiFi environments has been relatively 36

modest so far. When it comes to WiFi based localization, 37

the research community has instead focused more intensively 38

on different approaches such as the signal strength [1]–[5], 39

the angle of arrival [6]–[9] or combining WiFi signals with 40

inertial sensors as found in smartphones [10], [11]. The 41

problem with the latter approaches is that they either require 42

extensive manual on-site calibration, the need for intervention 43

of the user, or specialized hardware. These factors limit the 44

deployment of these approaches at larger scale. 45

The challenge with ToF is that very precise signal prop- 46

agation time estimates are required. At the speed of light, 47

a measurement error of 1μs already results in a distance 48

estimation error of 300 meters which is intolerable for most 49

indoor applications. In order to achieve meter-level localization 50

accuracy, a precision in the order of a few nanoseconds is 51

therefore needed. However, at this level the ToF is affected by 52

various sources of noise [12]–[17]. For example, the relatively 53

small bandwidth of WiFi signals and the limited clock rate of 54

commercial off-the-shelf (COTS) WiFi radio receivers hinder 55

the exact determination of the time of arrival of a signal. 56

In echo techniques, the target may further add significant 57

jitter before acknowledging the reception of a data. Specially 58

indoors, the signal may additionally be obstructed and reflected 59

over multiple paths which adds a positive bias to the estimated 60

range. 61

In order to mitigate the impact of noise in ToF measure- 62

ments, several techniques have been proposed in the literature. 63

To combat the device-related Gaussian noise, unbiased estima- 64

tors that rely on the mean or median of the collected ToF sam- 65

ples provide a good estimate of the true ToF [17]. To combat 66

the multipath noise, biased estimators that aim at identifying 67

the direct path such as the MUSIC algorithm [18], [19] can 68

provide good results as well. Other approaches such as the 69

expectation-maximization algorithm have been successfully 70

applied to signal strength-based localization [4], and we could 71

envision their application to combat the multipath noise of 72

ToF measurements. However, we show in this work that, 73

in WiFi ToF, the noise follows a Gaussian mixture model with 74

each Gaussian component being in the same order of magni- 75

tude or larger than the multipath bias, and we demonstrate that 76

these estimators fail to provide an accurate estimate of the true 77

ToF as we need for ranging. 78

In this paper, we present a new filter that is specially 79

designed for estimating the range in WiFi indoor environ- 80

ments based on noisy ToF measurements. Our filter relies 81

on a combination of statistical learning techniques to train 82

an environmental-specific linear regression model for the 83
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Fig. 1. WiFi ToF echo technique. Offset δT is originated at the target device, and it is a function of the hardware delay to schedule the ACK at the target
device. The time offset δL (not shown in the figure) is due to the measuring device. On the right, the figure shows the interaction between firmware, driver
and user space. Measured ToF data by the firmware is transferred to the driver through the shared memory (SHM). Buffered ToF measurements are then sent
to user space.

multipath bias and robust statistics for range estimation.84

Our approach does not require any specialized hardware and85

no intervention from the user, and it relies exclusively on the86

ToF information that can be extracted from COTS WiFi radios.87

Our solution can independently run on the WiFi infrastruc-88

ture side and it has the advantage of disentangling the core89

of the positioning tracking from the mobile application where90

additional services and higher accuracy could be provided only91

if the user is interested to install the application. In addition,92

the need for intervention of the user may be unwanted in setups93

where the objective of positioning the user is to understand94

and better plan the physical space as input for data analytics.95

Finally, our environmental-specific linear regression model96

can be learned in-situ and thus does not require any manual97

calibration.98

We have used our filter to estimate the location of99

WiFi mobile devices in four different experimental testbeds.100

Our results show that our technique is able to significantly101

reduce the median ranging error over classical estimators. Our102

main contributions in this paper are the following:103

• We present a firmware-based ranging architecture104

for round-trip time measurements running in the105

MAC processor of WiFi chipsets, and we quantify and106

compare the amount of noise that comes from the WiFi107

devices and the noise from the WiFi radio signal propa-108

gation over the wireless channel.109

• We propose a filter based on statistical learning and robust110

statistics to estimate the distance range from a series of111

noisy ToF measurements. Our filter does not require any112

manual calibration and manages to estimate the distance113

to a remote WiFi device with median error between114

1.7 and 2.4 meters.115

• Finally, we evaluate our system for indoor mobile device116

tracking. We demonstrate across four different experi-117

mental testbeds that mobile devices associated to the118

WiFi infrastructure can be tracked continuously using our119

filter with a median accuracy between 2.0 and 3.4 meters.120

II. TOF ECHO TECHNIQUE121

This section describes the principles of ToF ranging and122

the noise effects that arise when applying this technique to123

off-the-shelf WiFi devices.124

While traditional ToF-based echo techniques as employed in125

radar systems rely on uncoded RF signals and their reflections,126

WiFi echo techniques use regular frames of communica- 127

tion [12]–[17]. In WiFi communication, every DATA frame 128

is acknowledged by the receiver with an ACK frame. In this 129

work, we denote as local or measuring station the node 130

sending DATA and receiving ACK, and target station the 131

node receiving DATA and sending ACK. Since the interframe 132

time between the DATA and ACK frames is fixed by the 133

802.11 standard (the Short InterFrame Symbol, SIFS, time), 134

the delay between DATA and ACK frames can be used by the 135

local station to infer the distance to the target. 136

In reality, sources of time offset exist at the local and 137

target stations and they affect the accuracy of the ranging 138

measurement. Let us refer to Fig. 1. If d is the true distance 139

between a local station and a target, the local station measures 140

the time tMEAS(d) between the end of a sent DATA frame 141

and the end of a received ACK frame: 142

tMEAS(d) = 2 · tP (d) + tACK + δ, (1) 143

where tP (d) is the signal propagation time between the local 144

station and the target (channel reciprocity is assumed), tACK is 145

the time needed to transmit the ACK, and δ is the measurement 146

offset. The offset δ can be expressed as: 147

δ = δL + δT , (2) 148

where δL is the offset at the local station and δT the one at 149

the target. δL arises at the measuring device due to the local 150

imprecision in the timing information extraction, and δT is 151

equal to the SIFS time plus any device-dependent deviation 152

from this number. The presence of multipath effect causes a 153

positive offset and increases δL and/or δT . 154

From eq. (1), we can then define the ToF measurement as: 155

tToF (d) =
tMEAS(d) − tACK − δ

2
. (3) 156

At distance d = 0, we then have: 157

tToF (d = 0) =
tMEAS(d = 0) − tACK − δ

2
= 0. (4) 158

And therefore eq. (3) can be rewritten as: 159

tToF (d) =
tMEAS(d) − tMEAS(d = 0)

2
. (5) 160

A sample is collected per 802.11 DATA/ACK handshake. 161

For the generic sample m, the distance from the measuring 162

station to the target device can be computed as: 163

dm = c · tToF
m (d), (6) 164
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where c is the speed of signal propagation which is close to165

the speed of light in air. In the more general case, let L denote166

the set of links to a target station and M the set of samples.167

We can then express the generic sample as:168

di,mi ∈ L, m ∈ M.169

Once M samples have been collected for a link i ∈ L,170

the distance ̂di between the local station and the target is171

estimated as follows:172

̂di = f(di,1, di,2, . . . , di,M ), i ∈ L (7)173

where f is an estimator of the distance that aims at filtering174

out the measurement noises. The major contribution of this175

work is the design, implementation and evaluation of a robust176

estimator f that estimates the distance to a target device using177

WiFi ToF, in the presence of rich multipath as found in common178

indoor environments, and severe noise as found in commodity179

WiFi chipsets.180

III. TOF ON COTS WIFI RADIOS181

The design of a robust estimator f requires first to182

characterize the noise sources of WiFi ToF. For this rea-183

son, we implement a ToF ranging system using commodity184

hardware. To alleviate any unnecessary source of noise or185

instability from the operating system, ToF measurements have186

to be performed as close as possible to the radio hardware.187

Rather than in the driver [17] or upper layers [14], the best188

method is therefore implementing the code for ToF measure-189

ments in the firmware of the WiFi radio chipset. To measure190

tMEAS(d) in the firmware, we have customized the open-191

source 802.11 openFWWF firmware.1 This firmware is written192

in assembler and runs on off-the-shelf 802.11 Broadcom193

chipsets. Our customized firmware reports tMEAS(d) for each194

successful DATA-ACK frame pair. The timing is regulated195

by the general purpose timer, running on the wireless card’s196

internal clock at a rate of 88MHz. The timer starts to count197

clock cycles just after the 802.11 processor sets up a register198

to indicate that a frame has been sent. Once the ACK frame199

has been received (or the ACK timeout has elapsed), another200

register gets updated and the timer gets stopped. Every time201

a measurement is made, the firmware writes tMEAS(d) into a202

defined address of the shared memory (SHM). The architecture203

is shown on the right of Fig. 1. Since the driver has also access204

to the shared memory block, it can retrieve the measurement205

every time an ACK is received. In the driver, we gather206

additional data about the incoming ACK such as the data207

rate, the AP (Access Point) MAC address, etc, and store208

them all in a buffer. Once this buffer is full or a timeout209

has elapsed, the data is transferred to the user space with a210

UDP socket.211

A. System Setup212

We have built a prototype ToF system that consists of213

COTS APs operating as ToF measuring stations. In our214

deployments, the APs are static stations. The APs use Soekris215

1http://www.ing.unibs.it/openfwwf/

net5501 embedded machine with a 500MHz AMD Geode LX 216

single chip processor. The APs are equipped with Broadcom 217

AirForce54G 4318 mini PCI type III cards and an omnidi- 218

rectional antenna. The Broadcom chipset is operated with our 219

customized firmware and the b43 driver presented above. The 220

APs are connected over Ethernet to the location computing 221

unit, that is responsible to process the raw data and compute 222

the position. 223

As target station we use unmodified Dell Inspiron 5150 lap- 224

tops equipped with Broadcom AirForce54G 4318 mini PCI 225

type III cards and the integrated antenna of the laptop. 226

In our deployments, the target station may be static or mobile 227

according to the type of experiment (see Section III-B on 228

deployment scenarios for the details). In order to perform 229

ranging measurements, the APs use regular DATA frames 230

that are acknowledged by ACK frames from the targets. The 231

ranging measurements are performed in a round-robin fashion 232

among the APs. The target is associated to a single AP, and 233

the other APs send their DATA frames with the source MAC 234

address of the AP to which the target is associated. In order to 235

configure the DATA transmission, we rely on raw sockets and 236

PCAP library.2 This approach does not require any specific 237

feature of the Broadcom chipsets used in our deployment, and 238

thus it can be extended to other 802.11 firmwares. 239

B. Deployment Scenarios 240

We consider two types of scenarios for the deployment. 241

The first scenario considers controlled experiments, where we 242

avoid any environmental effects by connecting two stations 243

using coaxial cables. The cables are based on the standard 244

RG-58. In the second scenario, we perform experiments with 245

transmissions over the air in four indoor testbeds, namely 246

Testbed I, II, III and IV. The maps are shown in Fig. 2. 247

Testbed IV uses the same environment as in Testbed I, but 248

APs are partially placed at different locations. We deploy 9 249

APs in Testbed I, 9 APs in Testbed II, 10 APs in Testbed III, 250

and 9 APs in Testbed IV. Testbed I, II and IV are office 251

environments. 252

The environment of Testbed I is shown in Fig. 2(a). It covers 253

a surface of almost 1000m2. We use 25 randomly selected 254

locations (marked as a cross) to test our algorithms. We con- 255

duct tests over two different days, with some positions repeated 256

again with different locations of some furniture. We could 257

achieve connectivity for a subset of the total set of links 258

(207 links out of 25 · 9). 259

Testbed II is depicted in Fig. 2(b). It features 180 links and 260

it covers a smaller space of around 200m2. The target station 261

is placed in 20 different positions. 262

Testbed III is shown in Fig. 2(c). It has been deployed at 263

the facilities of the IEEE/ACM IPSN 2014 - Microsoft Indoor 264

Localization Competition [20]. The testbed has 200 links and 265

it covers 320m2. The target device is placed at 20 positions 266

in two rooms and a hallway. 267

Testbed IV is deployed to study the performance of mobile 268

device tracking. In this testbed, we measure the position when 269

a mobile device is moving from position 1 to 19 as marked 270

2http://www.tcpdump.org/
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Fig. 2. Testbeds to assess the ranging and positioning capabilities of our system in static conditions. Circles correspond to AP locations and crosses to target
locations. (a) Testbed I. (b) Testbed II. (c) Testbed III. (d) Testbed IV (mobile tracking).

in Fig. 2(d). For these mobility tests, a user moves at a speed271

of approximately 0.4m/s. At the time that the user passes at272

one of the marked positions, we estimate the position and273

record the value. We then repeat the tests in the following274

setups: when the user stops at the marked locations for275

2 and 5 seconds, respectively.276

In all the testbeds, a mixture of line-of-sight and non-line-277

of-sight wireless links are present. During all experiments,278

people are moving within the testbed areas. The testbeds also279

contain several obstructions, including concrete walls, tables280

and glasses. All experiments are conducted with other active281

WiFi networks in the neighborhood. We operate the testbeds282

on a fixed frequency channel of the 2.4 GHz ISM band.283

The physical (PHY) automatic selection rate is active, such284

that the measurements include DATA sent at different PHY285

rates.286

IV. SOURCES OF NOISE287

While the firmware-based approach introduced in288

Section III can allow us to measure the ToF with the289

best precision using commoditized WiFi radios, the ToF290

measurements are still affected by large noise coming from291

severe sources which we discuss in the following in more292

details. In order to collect samples {di,m} for this analysis,293

we first determine the reference value tMEAS(d = 0) (cf.294

eq. (5) and eq. (6)). To this end, we directly connect the295

AP operating as ToF measuring station to the target device296

to be calibrated and perform reference measurements over297

three coaxial cables of different lengths. We then infer298

tMEAS(d = 0) for the distance at 0m by means of linear299

regression. This process is required only once per chipset.300

Fig. 3. Noise introduced by ToF ranging. Tests in a controlled environ-
ment (Cable) show that there are sources of large dispersion in the estimation.
Tests over the air (LOS and NLOS propagation) show that the distribution
greatly depends on the channel conditions. All the tests are in addition
subjected to quantization noise and other spurious noise sources.

Target ACK Delay: The 802.11 standard specifies the SIFS 301

time between the reception of a DATA and the transmission 302

of an ACK at the receiver as a fixed interval. In 802.11b, 303

for example, this time is specified as 10μs [21]. However 304

a relatively high tolerance of 1 μs is tolerated which can 305

result in significant noise and distance estimation errors up 306

to 300 meters if the target would fully exploit this specified 307

tolerance level. While most chipsets may not fully exploit this 308

tolerance, the dispersion is still quite significant. To illustrate 309

this, Fig. 3 on the left represents the resulting dispersion of 310

a typical Broadcom WiFi chipset. The shown histogram was 311

obtained by collecting sequences of samples {di,m} according 312

to Eq. (6) for 10, 000 packets. To avoid any dispersion from 313

environmental effects, the measurements were performed over 314

a coaxial cable of 13.5 meters. We observe that there are 315

sources of noise that can lead to distance estimations that 316
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range from 0 to 25 meters, even under ideal signal propagation317

conditions such as cables.318

Multipath Reflections: It is well known that signal propaga-319

tion in complex indoor environments is subject to multipath320

effects in which multiple copies of the transmitted signal arrive321

at the receiver over different reflected paths. It is even possible322

that the direct component is entirely attenuated and the signal323

is received only over indirect paths. Since signals that travel324

over indirect paths will take longer time to arrive at the325

receiver, they introduce a non-Gaussian error in the distance326

estimation when considering the time-of-flight. This situation327

is shown in Fig. 3 in the middle and on the right where the328

same experiment as on the left was repeated but for a line-of-329

sight (LOS) and non-line-of-sight (NLOS) signal propagation330

link over omnidirectional antennas. In the LOS experiment,331

there is a visible connection between the measuring station and332

the target, while in the NLOS experiment, they are obstructed.333

The dispersion spans a range of 40 and 60 meters for the334

LOS and NLOS links, respectively, and the large noise in the335

measurement can also result in negative di,m samples (see336

Fig. 3 in the middle), especially when the true distance di337

is relatively small. In addition, the NLOS link shows a non-338

Gaussian distribution. Multipath effects must therefore be339

taken into consideration in order not to overestimate the340

distance when dealing with reflected signal propagation paths.341

Finally, multipath may also happen in LOS links, and thus a342

method robust to the propagation conditions must be designed.343

Quantization and Measurement Uncertainty: Off-the-shelf344

WiFi chipsets have not been designed to provide accurate345

ToF measurements. A main source of noise comes from the346

coarse clock resolution of the radios. For example, the Broad-347

com chipset operates with a reference clock of 88MHz,348

corresponding to a maximal distance resolution of 1.7 meters.349

In addition to this quantization noise, off-the-shelf chipsets350

introduce all sorts of considerable additional noise. As we351

could see in the histograms of Fig. 3, the shape of the distrib-352

ution is far from being smooth despite using 10, 000 samples353

to create the histograms, suggesting that the radios must354

have some bias when measuring the time. Other sources of355

noise must therefore also be factored in order to estimate the356

distance. On the other hand, the effects of the clock drift are357

negligible. See details in [17].358

Congestion and Interference: Wireless congestion and inter-359

ference have no impact on the ACK delay (that is, δT )360

since the 802.11 channel is reserved during the SIFS period361

to the receiving node (i.e. the target station) as dictated362

by the 802.11 carrier sense multiple access with collision363

avoidance (CSMA/CA) protocol [21]. However, collisions364

occur on the wireless medium, causing data retransmissions.365

Only acknowledged data frames are considered as valid ToF366

samples, while unacknowledged frames do not generate any367

ToF measurement. Since the wireless resources are shared,368

the presence of congestion can increase the time required to369

obtain a sufficient number of samples for ranging. We study370

the problem of wireless congestion in an open space room371

(to reduce as much as possible the multipath, and focus on the372

impact of interference), with one link of 19 meters in LOS.373

In this setup, the AP transmits DATA at PHY rate of 1Mb/s.374

Fig. 4. ToF distance estimation in a LOS link of 19 meters in absence and
presence of interfering traffic. In the experiment, the ToF measuring station
sends DATA at PHY rate of 1Mb/s.

The AP computes the distance averaging over the collected 375

ToF samples. We then repeat the ranging measurement for 376

the same link, adding 802.11 traffic from another wireless 377

station that saturates the channel with interfering traffic (UDP 378

traffic of 4Mb/s) sent at PHY rate of 1Mb/s. The results 379

are presented in Fig. 4. The figure shows the average of 380

the distance estimation, both in absence and presence of 381

interference. While the long-term ranging accuracy is the same 382

in absence of interference and in presence of interference 383

saturating the channel, the latter causes a longer time to 384

converge to the true distance di. We can conclude that, in order 385

to efficiently handle interference, it is important to design a 386

system that requires only a few samples M for the ranging 387

estimation. 388

In Section V we provide an analysis about the target and 389

measuring noise. We then describe how to deal with the 390

Non-Gaussian noise resulting from the multipath propagation 391

in Section VI to finally describe in details the robust shortest- 392

path estimator we propose as a solution to mitigate the effects 393

of the main sources of noise in Section VII. 394

V. DEVICE-RELATED NOISE ANALYSIS 395

In this section, we analyze in details the noise originated 396

at the measuring station and at the target station. The goal 397

of this analysis is to quantify the device-related noise and 398

determine whether the non-Gaussian noise we observe in ToF 399

measurements is only due to environmental effects such as 400

multipath or the local and target devices also add non-Gaussian 401

noise to the measured values. 402

In order to address this question, we use a low-noise 403

oscilloscope to measure the offset distribution of {δT }. This 404

high-end wideband oscilloscope is an Infiniium 90000A model 405

with a fast sampling rate of 10GS/s [22]. The internal noise 406

of the oscilloscope can be regarded as negligible compared to 407

the noise introduced by the WiFi radios and therefore provides 408

us a mean to analyze the target offset δT in isolation. 409

On the left of Fig. 5, we show the histogram of the target 410

offset δT as measured with the oscilloscope using approx- 411

imately 300 samples, and the resulting Gaussian fitting 412

function. We run the Lilliefors test and find that the hypothesis 413

that the distribution of δT is Gaussian cannot be rejected, 414

with a high p-value equal to 0.43 while setting the significant 415

level to 0.05. Therefore it is safe to assume that δT can be 416
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Fig. 5. On the left: distribution of {δT }, as measured with our oscilloscope,
and its Gaussian fitting function. On the right: QQ plots of δT versus
tMEAS(d).

approximated with a Gaussian distribution N with standard417

deviation equal to σδT .418

We then statistically compare the distribution of {δT} mea-419

sured with the oscilloscope with the distribution {tMEAS(d)}420

measured at the local station with our firmware-based421

approach presented in Section III. For the comparison, we col-422

lect samples of tMEAS(d) in LOS links with limited multipath423

at d = {1, 15, 60}m and draw the quantile-quantile (QQ)424

plots, a graphical method for comparing two probability dis-425

tributions. If the distributions are linearly related, the points426

in the QQ plot will approximately follow a line.427

The resulting QQ plots are shown on the right of Fig. 5.428

We observe a linear pattern, which indicates that {δT} and429

{tMEAS(d)} have very similar noise distributions in presence430

of limited multipath. We also observe that the dispersion of the431

two distributions is very similar, with a standard deviation of432

4.0−4.1 WiFi clock cycles in both cases. As a result of these433

investigations, we conclude that:434

• The noise of tMEAS(d) in LOS links with limited mul-435

tipath is largely dominated by the Gaussian noise of the436

target offset δT .437

• The dispersion of the local offset δL in LOS links has a438

negligible impact on the distribution of tMEAS(d), and439

our approach to implement the ToF measurement in the440

firmware does not add a significant dispersion.441

• The non-Gaussian ToF noise that we observe in many442

indoor links of our testbed is not related to the local or tar-443

get noise of the WiFi devices but rather to environmental444

effects such as multipath.445

VI. DEALING WITH WIFI MULTIPATH NOISE446

Existing multipath-resistant estimators assume that the non-447

Gaussian noise from the reflected signal path components are448

the dominant sources of noise. However, as we have shown449

in the previous section, the device-related Gaussian noise is450

extensive in WiFi radios. In order to deal with these combined451

sources of noise, the focus of this section is to analyze452

different robust estimators f to estimate the true distance d453

for multipath-rich indoor environments.454

A. Noise Model455

While the device-related noise can be approximated as an456

environmental-independent Gaussian distribution, this is not457

the case for the noise that arises from the effect of multipath458

reflections. The amount of multipath is very much dependent 459

on the environment and the exact position of the devices. 460

Under multipath propagation between two WiFi nodes, the dis- 461

tribution of ToF measurements will be non-Gaussian, as a 462

result of those data frames where the 802.11 transceiver 463

synchronizes to a delayed copy of the signal. 464

Estimating the true distance using this noisy data is not 465

trivial with WiFi radios. In fact, we cannot directly measure the 466

individual multipath components at the signal-level on off-the- 467

shelf WiFi radios since the WiFi chipset only synchronizes to 468

the strongest path, resulting in a positive or null bias bi,m ≥ 0. 469

In order to design a reliable estimator f of the distance, 470

we model the ToF noise as follows. Let us consider a link 471

i ∈ L. The true distance di of this link is affected by an 472

additive Gaussian noise N , generated by the target station, 473

with the standard deviation equal to σδT (cf. Section V). di is 474

further affected by a distance bias bi,m ≥ 0 caused by the 475

absence (bi,m = 0) or presence (bi,m > 0) of multipath. 476

Therefore, for each sample, we can model the distance di,m 477

as follows: 478

di,m = di + bi,m + N (0, σδT ), (8) 479

where di is the true distance. 480

Grouping together the samples with the same bias after 481

clock quantization (that limits the distance resolution per 482

sample to 1.7m, cf. Section III) results in a finite Gaussian 483

Mixture Model (GMM) with a small number of modes. One 484

of these modes corresponds to the samples synchronized to 485

the direct path (the samples with bi,m = 0), while the 486

others correspond to the samples synchronized to any of the 487

reflected paths. In general, no component is dominant and 488

we can conclude that the Gaussian mixture is non-Gaussian 489

distributed. 490

B. Reliability of the Estimation of the Gaussian Components 491

A fundamental difference with respect to classical GMM 492

applications is that the multipath noise superimposes to the 493

large noise σδT added by the target device. The deviation due 494

to σδT can be much stronger than the bias error caused by 495

synchronizing to a delayed copy in a multipath propagation.3 496

Current techniques for learning the modes of the GMM model 497

need instead that the modes are either sufficiently apart or con- 498

sider that only a small number of samples is received as 499

reflected paths representing a few outliers [23]. 500

In order to verify how well current learning mechanisms 501

for a GMM model could be applied to WiFi ToF, we generate 502

in simulations 1, 500 samples using the GMM model and 503

suppose that there exist only two modes, one mode repre- 504

senting the direct path and one mode representing the reflected 505

path. We then apply the expectation–maximization (EM) algo- 506

rithm [24] to cluster the samples (the details of the algo- 507

rithm are presented in Appendix XI-A of the supplementary 508

3For instance, in the example in Fig. 5 (left), we have a standard deviation
of 4 clock cycles for δT in LOS conditions. This results in a 99-percentile
dispersion of the error of approximately 35.1m, higher than a typical error
caused by synchronizing to a delayed copy of the 802.11 signal in a multipath
propagation in indoor scenario.
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Fig. 6. Generation of a direct path and a reflected path in simulation using
the GMM model, with small Gaussian noise of the target station. As expected,
the EM algorithm can reliably estimate the two modes.

Fig. 7. Generation of a direct path and a reflected path in simulation using
the GMM model, with Gaussian noise of the target station as found in our
experiments. The EM algorithm fails to reliably estimate the two modes.

material). In this study, we consider that the direct path509

has a distance of 10m and that the reflected path has a510

traveled distance of 26m. The mixture weights of the Gaussian511

components are equal to 0.12 and 0.88, respectively. This512

indicates that the 802.11 WiFi chipset synchronizes more often513

to the reflected path, which is in general the stronger signal514

component.515

We first make the (ideal) assumption that δT is much smaller516

than in real measurements. We call it “Simulation of Ideal517

Case”. In the second scenario, we consider that δT is equal518

to the one empirically measured in Section V. We call it519

“Simulation of Real Case”. We plot the results of “Simulation520

of Ideal Case” in Fig. 6. We observe that the EM algorithm521

estimates the parameters of the components of the Gaussian522

mixture almost perfectly: the estimated mean of the direct523

path’s distribution is equal to 9.8m and the mean of the524

reflected path’s distribution is 25.9m. It follows that we are525

able to estimate the distance of the direct path with an error526

of only 0.2m. We then plot the results of “Simulation of Real527

Case” in Fig. 7. Clearly visible from the figure, we do not have528

anymore a clear separation of the two Gaussian components.529

The parameters are here overestimated: the estimated mean of530

the direct path’s distribution is 19.3m and the mean of the531

reflected path’s distribution is 29.1m. Concluding, we have a532

high error in the estimation of the direct (and shortest) path,533

used for ranging, of 9.3m.534

VII. ROBUST SHORTEST PATH ESTIMATOR535

The results of the previous section have shown that clas-536

sical algorithms fail to estimate the distance in WiFi echo537

Fig. 8. Same simulation data set as in Fig. 7: We conjecture that, by taking
a percentile below 50%, we can counterbalance the biased values bi,m > 0
in the estimation process and estimate the mean of the direct path’s Gaussian
distribution.

techniques. In this section, we explore a different methodology 538

for the estimation of the distance. First of all, in WiFi ToF, 539

we are only interested in the direct path’s distance or, in gen- 540

eral, the shortest path’s distance. Indeed, we do not need an 541

algorithm (as the EM algorithm) that estimates the distance of 542

all the paths, including the longer ones. In GMM links with 543

only a direct path (∀m ∈ M, bi,m = 0), the median or the 544

mean would be a reliable estimator of the direct path’s 545

distance. However, as a result of the GMM model in WiFi ToF, 546

the sequence is in general mixed with samples where the 547

local station synchronizes to a delayed copy of the WiFi sig- 548

nal (∃ m ∈ M : bi,m > 0). In the latter case, using 549

the median of the sequence, e.g. the 50% percentile of the 550

distribution as estimator would result in an over-estimation of 551

the distance. We then conjecture that, by taking a percentile 552

below 50%, we can counterbalance the biased values bi,m > 0 553

in the estimation process. In the example shown in Fig. 8, 554

a percentile equal to 9 would be effective to counterbalance 555

the biased value and report the true distance. 556

Formally, let us consider a link i ∈ L and collect a sequence 557

of M measurements {di,1, di,2, . . . , di,M}. We define the 558

optimal percentile pi
opt as the percentile that provides, for 559

each link i, the minimum absolute distance estimation error 560

with respect to the true distance di: 561

pi
opt = argmin

0≤p≤0.5
|di − ̂di(p)|, (9) 562

where ̂di(p) is the estimated distance using the p-percentile 563

of the distribution {di,m}. The goal is to design a statistical 564

estimator f that estimates the optimal percentile pi
opt based on 565

some observables and gives as output the estimated distance 566

̂di(pi
opt). 567

We train various options for the observables in the esti- 568

mator f in an extensive evaluation in one of our testbeds 569

(Testbed I, Fig. 2(a)) with all links. As candidate observables, 570

we consider the first three moments (median, standard devi- 571

ation, and skewness) of the ToF as well as of the received 572

signal strength indicator (RSSI). All three moments could in 573

principle be indicators of multipath. For example, when the 574

median of the ToF is low (or the median of the RSSI is 575

high), the two ranging devices are close to each other and 576

hence likely to have a short line-of-sight connection between 577

each other with little multipath delay. An increased standard 578



IEE
E P

ro
of

8 IEEE/ACM TRANSACTIONS ON NETWORKING

TABLE I

THE ABSOLUTE VALUE OF PEARSON CORRELATION COEFFICIENT ρ
BETWEEN DIFFERENT MOMENTS OF THE RSSI AND TOF VERSUS THE

OPTIMAL PERCENTILE popt (0=NO CORRELATION, 1=MAXIMAL

CORRELATION). IT IS WORTH NOTING THAT THE RANGING

IS ALWAYS PERFORMED USING TOF MEASUREMENTS. FOR
EXAMPLE, THE USE OF MOMENTS OF RSSI IS LIMITED

TO INFER THE OPTIMAL PERCENTILE, IT SHOULD

NOT BE CONFUSED WITH RSSI-
BASED RANGING

deviation of the ToF or the RSSI may indicate that signals579

are received over several paths with different propagation580

delays and/or attenuations. The skewness of the ToF and RSSI581

distributions will also be intuitively larger over links with582

multiple propagation paths. For each of these six observables,583

we evaluate two variants, leading to a total of twelve candidate584

estimators. In the first variant, we determine the moments585

directly on the raw samples {di,1, di,2, . . . , di,M}. In the sec-586

ond variant, we attempt to pre-filter obvious outliers that arise587

from the device-related measurement noise (cf. Section IV)588

prior to determining the moments. These outliers are filtered589

out applying the Thompson Tau technique [25], a statistical590

method for deciding whether to keep or discard samples591

based on the expected value and the expected deviation of592

the sequence of samples.593

We evaluate the precision of these estimators by determining594

their correlation to the a priori known optimal percentile pi
opt.595

For this analysis, we compute pi
opt for a set of links with596

known distance, i.e. placing the mobile device at known597

positions.598

To quantify the correlation between the different moments599

and pi
opt, we rely on the Pearson correlation coefficient [26].600

The Pearson correlation coefficient ρ is an indicator of the601

linear correlation of the variables, where absolute values close602

to zero indicate a low correlation and absolute values close603

to one represent a high linear dependence of two variables.604

A value close to one thus indicates that a moment is a605

good estimator to predict the percentile that will filter out the606

multipath noise effectively.607

We consider the entire set of links in one of our test-608

beds (Testbed I). Table I shows the resulting correlation609

coefficient ρ for all twelve variants. The best correlation is610

provided by the median of the ToF, followed by the median611

of the RSSI and the skewness of the ToF. All other moments612

have a correlation coefficient below 0.5 which indicates a low613

correlation. We note that not all moments profit from pre-614

filtering to remove the outliers. For example, the median of the615

RSSI and ToF perform worse when outliers are pre-filtered.616

On the other hand, the skewness of the ToF increases from617

0.20 to 0.51 and is therefore considerably better when pre-618

filtering the outliers.619

Fig. 9. Median ToF versus optimal percentile popt for all links of
Testbed I - Linear regression using offline and online calibration

One may ask why the skewness of the ToF has a worse 620

correlation than the median ToF. Intuitively, the skewness of 621

the distribution should be a good indicator of the multipath, 622

given that links with strong reflected (delayed) components are 623

left-skewed, with popt smaller than for right-skewed link. Our 624

results suggest that the combined device-related noise of the 625

receiver and the measuring station have a strong negative effect 626

on the correlation on the skewness. This is reflected in the 627

pre-filtered version of the skewness which has a considerably 628

better correlation than the unfiltered version. In contrast, 629

the median of the ToF is much more robust to any device- 630

related noise and therefore outperforms the skewness. The 631

reason for the median ToF working best can be associated to 632

the tendency of having longer reflected paths (and thus longer 633

delays) for links with longer distances and vice versa. In other 634

words, when the ToF is small, the devices are close to each 635

other and the multipath noise will likely not affect much the 636

ToF measurements. On the other hand, when the median ToF 637

is large, the devices are further apart and the links may be 638

affected more severely by the noise from reflected paths. 639

A. Proposed Filter Design 640

Provided the good correlation ρ between the median ToF 641

and the optimal percentile pi
opt, we design a linear model 642

for the estimator f that relies on this correlation to estimate 643

the percentile from ToF measurements. The model is specific 644

to the environment and we therefore train a model for each 645

testbed. The training works as follows. For each environment, 646

we compute the median ToF and the corresponding pi
opt as 647

in the tests in Section VII. Note that this requires extensive 648

training at many locations, but we will show how to train a 649

model without manual efforts in the next section by training 650

using data collected only between the APs. The empirical 651

distribution of the median ToF versus pi
opt for all the 207 links 652

of Testbed I is shown in the top of Fig. 9. 653

We note that pi
opt is widely distributed between 0 and 50%. 654

Therefore, it does not exist one value of percentile p that it is 655

optimal for all the links, but it rather changes from link to link. 656

Nevertheless, there is a clear linear trend which we will exploit 657

in our estimator f . To get the model, we perform a linear 658

regression on these data points and obtain an environment- 659

dependent linear model, as represented by the continuous line 660

in the figure. Formally, let ̂pi
opt be the estimated optimal 661
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Fig. 10. A sequence of ToF measurements {d1, d2, . . . , dM} are filtered
by selecting a percentile p of the distribution according to the median of the
measurements d̄ which serves as an estimate of the amount of multipath on
the link. The multipath estimator is trained using a linear regression model of
the median ToF versus the optimal percentile that minimizes the error from
ToF measurements between the APs.

percentile popt
i for a link i ∈ L. ̂pi

opt is computed with the662

following linear regression equation:663

d̄i = a · ̂pi
opt + c a ≤ 0, c ≥ 0 (10)664

where d̄i = ̂di(p = 0.5) is the median ToF (estimated665

distance using the median), and the regression parameters666

a and c are trained by environment calibration on a given set667

of known distances, minimizing the sum of squared residuals.668

Applying classical linear regression theory [27], we can then669

state that a ρ2 ratio of the total variation of pi
opt can be670

explained by looking at the median ToF d̄i. Small values of671

̂pi
opt indicate that stronger multipath is statistically expected672

using the median ToF for the distance estimation, while values673

closer to p = 0.5 indicate smaller multipath delay.674

B. Automatic Model Calibration675

In real deployments, it is desirable to avoid any manual676

offline calibration to estimate the regression parameters a and c677

of the linear regression model. We therefore propose to run678

the calibration methodology based on ToF measurements679

between pairs of access points from which we know the680

exact positions. (The assumption of known AP positions681

generally applies to many localization scenarios such as in682

airports, malls, museums or companies which have a single683

wireless network operator.) This can be therefore performed684

online without human intervention. The results of this online685

calibration between APs of Testbed I are shown in the bottom686

of Fig. 9. We find that the calibration results in a very similar687

linear regression. This suggests that in order to calibrate the688

model for a particular environment, the ToF measurements689

between each pair of APs are sufficient. We illustrate our filter690

in Fig. 10. The individual steps are as follows:691

• We train a linear regression model from online measure-692

ments between the APs and determine the parameters693

a and c of eq. (10). The model characterizes the relation-694

ship between the median ToF and the optimal percentile695

pi
opt (cf. eq. (9)).696

• For each link i ∈ L, we take a sequence of M697

measurements {di,1, di,2, . . . , di,M} and determine d̄i698

(median ToF).699

• The median ToF d̄i is used to estimate the multipath delay700

using the linear regression model from step 1. The output701

of the estimator is a percentile value ̂pi
opt.702

• For each link i ∈ L, we apply a linear interpolation to 703

the sequence of ToF measurements {di,1, di,2, . . . , di,M}, 704

select the ̂pi
opt-percentile of that sequence, and estimate 705

the distance as di(̂pi
opt). 706

VIII. EVALUATION METHODOLOGY 707

We first present the algorithms we use to evaluate the 708

performance of our distance estimator and then present how 709

we compute the position in our system. 710

A. Algorithms for the Distance Estimation Evaluation 711

For the evaluation, we study the performance of the follow- 712

ing filters: 713

• our filter that uses the median ToF to estimate the optimal 714

percentile (un-filtered),4 715

• two other versions of the filter that rely on the median 716

of the RSSI (pre-filtered) and the skewness of the 717

ToF (pre-filtered), as they provided the second- and third- 718

best correlation coefficients in Section VII, Table I. 719

Recall that these different metrics all estimate the optimal 720

percentile pi
opt of the multipath filter and that all three 721

variants rely on the ToF for the final distance estimation. 722

For each of the testbeds in Fig. 2, we compute the linear 723

regression coefficients of each moment above with the pi
opt

724

(cf. Section VII-A). 725

In order to compare our filter against other approaches 726

proposed in the literature, we further implement the MUSIC 727

algorithm [18], the EM algorithm for GMM model and 728

CAESAR [17]. CAESAR has been specifically designed for 729

WiFi ranging while the MUSIC and the EM algorithms 730

represent popular approaches to mitigate the impact of multi- 731

path in wireless localization. We briefly describe these three 732

algorithms in Appendix XI-A of the supplementary material. 733

B. Localization and Tracking 734

In addition to the ranging error, we also study the localiza- 735

tion error. We define a coordinate system on a two-dimensional 736

map. To ease the notation, we consider only one target and a 737

number of links equal to the number of APs in range, denoted 738

as L. Let si = (xi, yi) be the position of the AP i, p = (x, y) 739

the position of the target device, and ri = ‖si − p‖ = 740
√

(x − xi)2 + (y − yi)2 the distance between the AP i and 741

the target device. Let d̂i further denote the estimate of the 742

distance from AP i to the target, as computed using eq. (7). 743

Our objective is to find the coordinates that solve the following 744

weighted least square optimization problem: 745

746

p̂ = (x̂, ŷ) = argmin
x,y

L
∑

i=1

(‖si − p‖ − d̂i)2

wi
(11) 747

where wi is a weighting function of the samples {d̂i}. 748

We explain in Appendix XI-B.1 of the supplementary material 749

how the weights wi are determined. For solving eq. (11), 750

4Since the correlation coefficient of the median ToF versus the optimal
percentile is not improved by pre-filtering outliers, we apply this model to
the raw, unfiltered samples.
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we apply the Newton-Gauss method with line-search for the751

step size, a well-known method for this problem. As for the752

initial position for the computation, we use the one given by753

a linear least square algorithm and having the advantage of754

being computationally efficient.755

To capture the localization error intrinsic to our filter and756

avoid including measurement data with high error due to a bad757

deployment of the AP positions, we calculate the horizontal758

dilution of precision (HDOP) values. The HDOP relates to the759

multiplicative effect of AP geometry on positional measure-760

ment precision error. We only consider the positions with an761

HDOP value smaller or equal to five.762

For mobile device tracking, we apply an Exponentially763

Weighted Moving Average (EWMA) filter of the position:764

p̄k = (1 − α)p̄k−1 + αp̂k,765

s.t. p̄1 = p̂1 (12)766

where p̄k is the current position estimate, p̂k is the last767

measured position and α is the filter weight. An EWMA filter768

puts more or less weight on historical values according to the769

filter weight α. A good choice of α depends on the mobility of770

the target devices. The filter weight α is computed by means771

of experiments. Details are provided in Appendix XI-B.2 of772

the supplementary material.773

IX. EVALUATION774

We analyze the performance of our statistical filter for775

ranging and mobile device position tracking.776

A. Distance Ranging777

We first evaluate the distance estimation error of our filter.778

1) Distance Ranging Accuracy: We first evaluate the rang-779

ing accuracy using all links of Testbed I and offline calibration780

for our filters (the impact of online calibration is evaluated781

later). Similar experiments are performed in Testbed II and III.782

For each link, we compute the distance estimation error783

with 20 samples, and then calculate the average error using784

500 sequences. We consider our filter that uses the median785

ToF, the median of the RSSI and the skewness of the ToF for786

estimating the optimal percentile. We also provide the error787

for CAESAR, the MUSIC algorithm, the GMM model using788

the EM algorithm, as well as classical estimators such as the789

mean and median of the ToF.790

From Fig. 11 we see that our three new estimators out-791

perform the mean and the median metrics by comparing792

the Empirical Cumulative Distribution Function (ECDF) of793

the ranging errors. We then compare our best performing794

filter, based on the median of ToF, against the EM algorithm,795

CAESAR and the MUSIC algorithm. We show in Figure 12796

that our filter outperforms the other evaluated approaches. The797

best performance is achieved by our filter using the median798

ToF. We obtain a median error of 2.4m and a 80-percentile799

error of 5.3m. The filter that uses the median RSSI slightly800

outperforms the skewness of the ToF. This is not surprising801

since Table I shows higher correlation coefficients of the802

filter with median RSSI. The mean and median have roughly803

equal estimation error. Their median error is approximately804

Fig. 11. ECDF of the distance estimation error for our adaptive filter
compared to adaptive filters based on other metrics and classical estimators
based on the mean and the median of ToF (Testbed I).

Fig. 12. ECDF of the distance estimation error for our adaptive filter
compared to other algorithms (Testbed I).

Fig. 13. Distance accuracy (50- and 80-percentile distance error) in
Testbed I, II and III.

4.5m and the 80-percentile error is approximately 11.5m. 805

CAESAR gets a median error of 4.1m and a 80-percentile 806

error of 7.3m. Our evaluation of CAESAR is also very con- 807

sistent to the one recently presented in the indoor evaluation 808

of [11]. With regard to the MUSIC algorithm, this approach 809

is ineffective as a result of the large noise introduced by the 810

target station (cf. Section V), which is not taken into account 811

in the model used by the MUSIC approach. The 80-percentile 812

of the MUSIC algorithm shows better performance than the 813

mean and the median metrics, but still worse than our new 814

estimators. Finally, the EM algorithm outperforms CAESAR 815

and MUSIC. However, the median error of 3.9m and an 816

80-percentile error of 7.1m shows its inefficiency with respect 817

to our filter using the median ToF. 818

2) Robustness to Different Environments/Testbeds: Fig. 13 819

shows the median and 80-percentile of the distance error 820

for the three different testbeds using sequences of M = 20 821
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Fig. 14. Median and 80-percentile error of our estimator that filters the
noise based on the median of ToF. Results are provided for different number
of samples for Testbed I, II and III.

samples and offline calibration. As shown in the x-label of822

the figure, we measure a high Pearson correlation coefficient823

between the median of ToF and the optimal percentile, in the824

range of 0.76 − 0.89. The median distance error is in the825

range 1.7 − 2.4m, and the 80-percentile error is in the range826

3.7 − 5.8m. For comparison, the median (80-percentile) real827

distances for Testbed I, II and III are equal to 12.3m (19.2),828

8 (11.9) m, 10.2 (15.7) m, respectively. Concluding, our filter829

is robust across different environments.830

3) Impact of Number of ToF Samples: We evaluate the831

number of samples M necessary in our filter. Figure 14 shows832

the error for our filter that relies on the median of the ToF833

as a function of the number of samples. The error is stable834

with ten or more samples for the median of the distance error.835

Only the 80-percentile of Testbed III can benefit from a higher836

number of samples.837

4) Ranging Capacity: We study the capacity of the WiFi838

ranging technique, defined as the time C required to collect839

M samples in a WiFi network of N users. In order to find840

the capacity of the ToF ranging method, we apply Little’s841

formula [28]:842

C =
M · N
S/P

, (13)843

where S is the throughput and P indicates the payload bits844

of the single frame. We conduct the analysis in saturation845

conditions and we apply the Bianchi’s formula to compute846

S [29]. We also consider that the traffic for ranging does847

not have data content and it only consists of MAC overhead.848

Considering M = 20 for the ranging estimation, the results849

versus the number of users in the system are shown in Fig. 15.850

As expected, increasing the PHY rate helps reduce the time C851

required to compute ranging estimates for N users. For852

instance, C = 0.25 s is needed to compute the ranges to853

30 users with PHY rate of 11Mb/s, while C = 0.1 s is needed854

with PHY rate of 18Mb/s.855

Additional results are provided in Appendix XI-C of the856

supplementary material.857

B. Online vs Offline Calibration858

Our proposal for online calibration is to train our model for859

the adaptive filter using the links between the fixed APs. Since860

the APs are at fixed known locations, this type of calibration861

does not require any additional manual effort and can therefore862

be performed online.863

Fig. 15. Capacity analysis for ranging, considering N target stations and
M = 20 samples for the ranging estimation.

Fig. 16. Comparison of offline and online calibration for Testbed I, and
comparison with different placements of the APs (i.e., Testbed IV).

We compare online versus offline model calibration for 864

Testbed I in Fig. 16. We have three findings. First, the online 865

calibration achieves similar results with respect to the offline 866

tests, and we can then apply the calibration online without 867

significant performance loss. Second, online calibration out- 868

performs the results we could achieve applying the linear 869

regression achieved in Testbed II and III to Testbed I, which 870

implies that it is better to calibrate online than using the cali- 871

bration coefficients of other environments. Third, we find that 872

the regression parameters {a, c} of Testbed I and Testbed IV 873

are very similar. This is mapped to very similar performance 874

observed in Fig. 16 using the offline calibration of Testbed IV. 875

These testbeds use the same environment but different place- 876

ments of the APs. This result suggests that the calibration is 877

largely AP-position independent, but rather a feature of the 878

environment. 879

We then study the variability of the coefficients of the 880

automatic model calibration over time. These tests rely on 881

experiments with 5 APs across an area of 250m2 in an office 882

space. We perform the online calibration each hour for a 883

total of 48 consecutive hours. The results of this investigation, 884

in terms of the evolution of the regression parameters {a, c} 885

versus the time are shown in Fig. 17. From the figure, 886

we observe a dynamic trend during the working hours of the 887

day and a static one during out-of-office hours. As a result 888

of this experiment, we can conclude that frequent updates, 889

in order of every hour, may be required during the day due to 890

the presence and mobility of people as well as objects moved 891

around, both increasing the dynamics of the environment. 892
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Fig. 17. Evolution of the coefficients of the linear regression model used
for online calibration.

Fig. 18. Positioning error in static (Testbed I, II and III) and mobile
scenarios (Testbed IV).

C. Localization and Tracking893

Following the ranging accuracy, we investigate next the894

positioning and tracking performance.895

1) Positioning Accuracy: We study the position accuracy896

in static setting and summarize the results in Fig. 18. The897

figure shows that we have a median positioning error between898

2.0 and 3.1m, and 80-percentile positioning error between899

3.2 and 4.8 m, depending on the testbed. Compared to ranging,900

the median positioning accuracy is slightly worse (1.7−2.4m901

for ranging). However, the 80-percentile error is slightly902

better (3.7 − 5.8m for ranging).903

2) Mobile Tracking: Fig. 18 shows the ECDFs for the differ-904

ent waiting times in Testbed IV at each location, no waiting,905

two seconds and five seconds waiting. We observe that the906

tests under full mobility (label ’no waiting’) give comparable907

positioning accuracy to the cases where the user waits for a908

few seconds to collect more data at a given position (label909

’2s’ and ’5s’), with a median error in the range 2.6 − 3.4910

of meters. The reason is that the moving device experi-911

ences different multipath constellations which cancel out more912

effectively than when the device remains fixed. This effect913

compensates for the increased tracking error which arises914

when measurements are slightly lagging behind due to the915

measurement delays when the device constantly moves ahead.916

X. RELATED WORK917

The indoor localization literature is vast, including918

techniques using signal strength [1]–[5], the angle of919

arrival [6]–[8]| or combining WiFi signals with inertial sen-920

sors as found in smartphones [10]. In this section, we focus921

on time-based localization techniques which are most related922

to ours in addition to some general NLOS mitigation based 923

solutions. 924

ToF Echo techniques based on packet exchanges in 925

WiFi networks were first proposed in [12] and [13] and refined 926

in [14]–[17]. However, unlike our work, none of these 927

approaches address the effect of non-Gaussian noise such as 928

in multipath-rich environments. A direct comparison to [17] 929

as presented in this work shows that the error with our 930

statistical filter can be reduced in indoor environments by 931

a factor of more than two compared to classical estima- 932

tors that do not compensate for the bias of the multipath. 933

Gallo et al. [30] introduced directional Yagi antennas to 934

eliminate the effect of multipath and other noise sources from 935

WiFi echo techniques. They achieved a positioning accuracy 936

of less than 5m in 8 from 10 positions. In contrast, our filter 937

works with omnidirectional antennas in environments with 938

multipath. 939

There have been many attempts to harness the time-of- 940

flight of wireless signal in indoor propagation environments 941

despite multipath. Common proposals to combat the mul- 942

tipath problem are for example the use of ultrawideband 943

signals [31]–[33] or frequency diversity [34], [35]. However, 944

these approaches require specialized hardware or software- 945

defined radios which increase costs and hinders localization 946

at larger scales. SAIL [11] is a ToF system using WiFi that 947

has been designed for localization in multipath environments. 948

However, SAIL requires inputs from the inertial sensors in 949

the smartphone. SAIL achieved median error of ≈ 1m and 950

80-percentile error of ≈ 5m, which is comparable to our 951

filter, at the drawback of requesting the collaboration from the 952

mobile user through the installation of a dedicated application 953

on smartphones. ToneTrack [19] tries to overcome the problem 954

of limited bandwidth, inherent to WiFi time-based localiza- 955

tions. It combines channels to form virtual larger bandwidths 956

without increasing the radio’s sampling rate, taking benefit of 957

frequency hopping, to increase the resolution of ToF profiles. 958

The work SpotFi [9] uses APs equipped with 3 antennas and 959

commodity WiFi chipsets. It jointly estimates the Angle of 960

Arrival (AoA) and ToF pairs of each path using the channel 961

state information, and estimates the likelihood that these pairs 962

correspond to the direct path between the AP and the target. 963

In contrast to our work, SpotFi does not rely on ToF for 964

ranging. Other solutions try to identify and mitigate the NLOS 965

effects of WiFi RSS measurements [36]. The proposed solution 966

combines a machine learning technique to first extract typical 967

features from the training data collected during extensive 968

indoor measurement campaigns and estimate the ranges using 969

a regression model, and an identification approach based on 970

hypothesis testing. The approach still needs a training phase 971

that requires an offline classification or calibration. Still in 972

RSS based ranging, [37] proposes to use a GMM model to 973

filter corrupted range estimations caused by NLOS radio prop- 974

agation by modeling distributions of LOS and NLOS sets of 975

estimates. In this work, we have demonstrated that the GMM 976

model does not work well in WiFi ToF and we have proposed 977

a combination of statistical learning and robust statistics that 978

outperforms the classical expectation-maximization algorithm 979

used by the GMM model. 980
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XI. CONCLUSION981

We have developed a new filter based on statistical learning982

and robust statistics to improve the ranging accuracy in the983

presence of noisy ToF measurements. Our filter does not984

require additional information form the devices or the user985

besides the ToF values which makes it applicable to a wide986

range of applications. We have shown how to apply our filter987

for indoor localization and tracking of COTS WiFi devices988

with legacy 802.11 Access Point infrastructures. In indoor989

deployments with multipath, our filter outperforms conven-990

tional ToF based range estimators by a factor of more than two.991

We have demonstrated the accuracy of the filter to estimate992

the position in static and mobile settings. In static conditions,993

the filter achieved a median error of 2.0−3.1 meters. In mobile994

settings, the error was only slightly higher with a median error995

of 2.6 − 3.4 meters. We have shown that the performance of996

our filter can be achieved with online model calibration, and997

hence does not require any cumbersome onsite pre-calibration998

efforts. The system has also participated in the Microsoft999

Indoor Localization Competition 2016, achieving an aver-1000

age error of 3.17meters in a challenging and uncontrollable1001

environment with 5 APs covering 500m2. This resulted in1002

ranking 5th out of ten teams in the final. Our system was1003

the only solution presented at the competition that did not1004

require any customized software in the mobile device, neither1005

inputs from inertial sensors in the mobile device. Since ToF is1006

becoming readily available in WiFi chipsets, we foresee that1007

our approach can be applied by the provider of positioning1008

systems in airports, malls, museums, homes for context-aware1009

networking as well as data analytics that require positioning1010

data. The advent of new WiFi chipsets operating on wideband1011

channels (such as the 160 MHz clock of 802.11ac) will1012

greatly help to increase the accuracy and the integration with1013

phase information will also be needed to improve the system1014

performance.1015
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