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Abstract—Accurate indoor localization remains a significant
challenge as GPS signals fail to penetrate indoor environments.
While the IEEE 802.11mc standard introduced Fine-Timing
Measurement (FTM) to enable Wi-Fi-based ranging, commercial
off-the-shelf (COTS) implementations of FTM often suffer from
ranging errors exceeding several meters due to proprietary hard-
ware limitations and multipath interference. Existing solutions
typically rely on crude statistical corrections to standardized
802.11mc ranging measurements using channel state information
(CSD). In this paper, we propose Wi-PRO (Wireless Positioning
using Range Offsets), a system designed to achieve high-accuracy
indoor positioning using distributed, low-cost ESP32 nodes.
Unlike previous statistical correction methods, Wi-PRO addresses
the root causes of FTM inaccuracies in single-antenna systems.
We identify and mitigate two primary sources of error: non-
linear phase jumps across channel-bonded CSI measurements
and incorrect start-time detection in hardware timestamping. By
developing algorithms that calibrate low-quality CSI and com-
pensate for multipath profiles, Wi-PRO significantly refines Time-
of-Arrival (ToF) estimates. Experimental results demonstrate that
our approach corrects FTM ranging offsets to provide meter-level
localization accuracy, offering a scalable and cost-effective PNT
solution for the modern IoT ecosystem. We release Wi-PRO’s
codebase and dataset to the open-source community'.

Index Terms—Indoor Localization, Fine-Time Measurement,
Channel State Information (CSI), Multipath Mitigation, Internet-
of-Things (IoT), Spectrum Sensing

I. INTRODUCTION

Accurate indoor positioning, navigation, and timing (PNT)
is a foundational capability for a wide range of emerging
applications, including mobile robotics, augmented and virtual
reality, asset tracking, and distributed sensing systems [1],
[2]. While Global Navigation Satellite Systems (GNSS) have
enabled precise outdoor PNT, their signals are unreliable or un-
available in indoor and dense urban environments [3]-[5]. This
gap has motivated significant interest in radio-based indoor
localization technologies that can leverage existing wireless
infrastructure. Wi-Fi, due to its ubiquitous deployment, has
emerged as a promising infrastructure solution for indoor
PNT [1], [2]. This push towards indoor Wi-Fi localization
has been standardized through IEEE’s 802.11mc standard,
also known as Fine-Time Measurement (FTM). FTM provides
range estimates between two Wi-Fi radios using a fast two-
way exchange of packets. FTM promises accurate ranging
for indoor environments to enable positioning and tracking.

Uhttps://github.com/ucsdwesng/wi-pro-esp32-ftm
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Fig. 1: Time series of a moving target’s actual range vs.
the ESP32’s predicted range with FTM in an indoor envi-
ronment. Standard implementations significantly overestimate
actual range by as much as 2 — 3x. Wi-PRO reduces this
overestimation significantly by compensating for the effect of
reflections.

However, despite its theoretical appeal and widespread avail-
ability, practical deployments of FTM on commercial off-the-
shelf devices have consistently reported large ranging errors
in indoor environments [6]—[8], limiting the effectiveness of
FTM for accurate and robust localization [9].

This lack of accurate and robust localization stems from a
more fundamental mismatch between the physical propagation
of wireless signals and the way commodity Wi-Fi radios
generate timestamps. Existing FTM [8]-[10] implementations
implicitly assume that the packet reception timestamp corre-
sponds to the arrival time of the Line-of-Sight (LoS) signal.
These works adjust the final range prediction using statistical
models conditioned on the received signal strength (RSSI) and
range estimate. However, in multipath-rich indoor environ-
ments, this assumption does not hold. Due to synchronization
and energy detection mechanisms in commodity radios, the
reported timestamp is often aligned with the centroid of the
channel impulse response (CIR)?, rather than the first-arriving
path. This presents a fundamental barrier to accurate range
estimation, because reflected paths’ longer delays cause the
reception timestamp to shift backwards, causing FTM to over-
estimate the range. This bias can be seen in figure 1, where we
see very consistent and severe overestimation of range with a
standard FTM implementation.

2The time-series Fourier inverse of CSI



Consequently, many state-of-the-art Wi-Fi ranging frame-
works use Channel State Information (CSI), which allows
access to the raw wireless signal’s phase and amplitude that
can be used to measure range [11], enabling better ranging
algorithms. Works like FUSIC [6] and FSI [7] utilize CSI
in tandem with FTM to refine ranging, with the observation
that ranging errors are chiefly caused by the Wi-Fi signal
propagating along paths that are not a straight line, breaking
the FTM algorithm’s core assumption. This can be observed
in the fact that nearly all erroneous FTM measurements
overestimate the target’s range. These methods estimate the
relative strength of different propagation paths to isolate the
direct-path (straight line) signal, thereby correcting errors in
the final range estimate. However, these works are only able
to obtain 40% improvement over standard FTM, and require
averaging of many packets to suppress the effect of multipath.
Moreover, these averaging-based techniques sacrifice temporal
resolution and mobility support, making them unsuitable for
dynamic scenarios.

Our Contributions:

In Wi-PRO, we optimally solve the timing and multipath
problem in the FTM protocol, IEEE 802.11mc [12], using
(a) a propagation path recovery algorithm which corrects
non-idealities in the channel measurement that reduce the
accuracy of the LoS path, and (b) a bandwidth-compensated
leading edge detection algorithm to make packet timestamp
measurements consistent with the LoS path. We combine these
algorithmic innovations to achieve state-of-the-art ranging
accuracy and implement them into a localization platform
which runs on an off-the-shelf ESP32-S3 embedded platform
costing less than 6$ per node, which we plan to open-source.
CIR reconstruction — When the Wi-Fi radio measures the
channel, certain frequencies are nulled since they are not used
for communication. This distorts the measured channel, widen-
ing peaks and introducing ripple artifacts that reduce ranging
accuracy. Prior work does not account for these errors in its
estimate of the propagation delay, reducing performance. Wi-
PRO instead recovers the nulled subcarriers by minimizing the
L+ norm of the CIR, which naturally reduces the artificial side
lobes created by guard-band nulling. This convex optimization
approach is lightweight enough to implement at the edge,
and allows for more accurate detection of the line-of-sight
propagation path.

Line-Of-Sight Recovery - Secondly, we need to identify
the correct start time of the direct path from the multipath
riddled CIR plot as shown in Fig. 2. Most of the current
works focus only on detecting peaks of received power for
time-stamping packet reception. We observe that this method
causes significant bias on low-bandwidth systems such as Wi-
Fi, where multiple paths up to 6 meters apart can merge into
a single peak, making it impossible to recover which one is
the shortest through peak detection alone. Wi-PRO develops
a simple compensated leading-edge detection strategy which
significantly increases ranging accuracy.

Real-World Deployments — Finally, we deploy Wi-PRO
across a distributed set of ESP32s (IoT devices) spread across
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Fig. 2: How the channel affects time-delay measurement in
FTM. Reflectors in the environment cause delayed copies of
the packet to add up at the receiver, and the receiver places
its received timestamp in the middle of these delays, causing
an overestimation of the distance between the nodes.

a total area of 1440m?2 over two scenarios. We record the

ground-truth position of a mobile robot [13] equipped with
a LiDAR, allowing us to test Wi-PRO in mobile scenarios.
Using traditional trilateration algorithms, we demonstrate that
Wi-PRO'’s range estimates achieve a median 1.5m localization
error, a 2-3x improvement over the state-of-the-art FTM
compensation system [6].

II. PRIMER: WI-FI SENSING MODEL

We first give a quick primer on how fine-timing measure-
ment (FTM) measures range between two Wi-Fi modules, and
how multipath affects this range.

A. Two-way Ranging

In 802.11mc Fine Time Measurement (FTM) [12], two Wi-
Fi radios, the ’initiator’ and 'responder,” exchange packets and
record the time at which the exchanged packets are transmitted
and received. With a two-way exchange in which both devices
transmit and receive packets, the propagation delay, 7, and
clock offset, A;, between the initiator and responder clocks
can be measured. If the signal propagates along the line-
of-sight (LoS) path, the distance between the initiator and
responder is 7 times the speed of light. Denoting t(*) as the
time of the responder’s transmission to the initiator, t() as the
time of the initiator’s reception of the responder’s packet, and
(2 ¢(3) as the corresponding TX/RX times for the response
packet, we can compute:

tW =1O L A, 47 (D
3 =2 A, 7 )
1
=7 = 5[(1t<3> — @y 4 (¢ — O] 3)
1
= A = 5[(75(3) _ t(2)) _ (t(l) _ t(O))] (4)

This technique works well in the case where there is only
a single propagation path, such as in a wired channel or in
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(c) CSI and CIR measured at the Wi-Fi radio.

Fig. 3: A demonstration of the effect of multipath on the CIR and the radio receiver’s corruption of the CIR. 3a: In indoor
environments, strong reflected paths alongside the direct path are typical. 3b: Real CSI and CIR magnitude for this scenario.
The CIR has two peaks at delays corresponding to the two paths. 3c: Actual CSI and CIR measured at the ESP for this
scenario. The peaks in the CIR no longer correspond to the real propagation paths.
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Fig. 4: Real example of the measured CIR after phase correc-
tions and interpolation. The baseband hardware places ¢t = 0
near the center of the impulse response, despite the direct path
clearly arriving several meters before this point.

free space, but in the indoor environment, assigning a single
propagation delay 7 to the propagation is insufficient to capture
the effect of multipath.

B. Multipath’s Effect on the RX Timestamp

Consider the initiator and responder from section II-A. A
complex baseband waveform z(t) sent at time +(*) sent from
the responder will be convolved with the CIR h(t), and with
the clock offset of A; will be received at the initiator as:

y(t) = x(t) = h(t) (5)

In the case when there are no reflectors, h(t) is a single delta
function at 7 = %, and the receiver will detect the received
packet y(t) exactly 7 seconds after it is transmitted. However,
when h(t) has several propagation paths, y(¢) will be several
shifted copies of x(¢). In this case, we observe that the Wi-Fi
hardware does not detect the received packet exactly when the
LoS path arrives. Instead, we observe that it tends to place the
transmit timestamp near the ’center of mass’ of h(t), causing
an overestimation of the LoS distance. We demonstrate this
effect in figure 2.

We have now identified the critical source of timestamping
error on the Wi-Fi radio — Multipath, causing the packet
reception timestamp to not trigger exactly when the packet
is first received. We have also demonstrated that these errors
affect the received CSI, so by measuring the CSI, we can
attempt to correct them. Therefore, we design an algorithm,
Wi-PRO, to estimate the CIR h(t) from the Wi-Fi channel,
and then recover the true LoS reception time from the CIR.

III. DESIGN

In order to estimate accurate range between two Wi-Fi ra-
dios, the measured channel state-information (CSI) is corrected
to reconstruct a more robust Channel Impulse Response (CIR).
Then, the reconstructed CIR is used to detect the correct
timestamp for the peak corresponding to the direct path in
Section III-B. Finally, Section III-C provides the details of
Wi-PRO’s deployment in real-world settings.

A. Reconstructing the CIR

Recall that we must obtain the CIR, h(t), in order to adjust
the received timestamp to align with the line-of-sight path. We
can model the CIR as:

P
h(t) :Zaié(t—ﬂ‘) (6)

Where 7; are the path lengths and «; are complex gains of
each path. We cannot directly measure the CIR, but the radio
hardware measures the CSI, a band-limited, frequency-domain
version of the CIR. A sufficient model for the CSI is

H[]wn] =

Y[]wn] . " L —JWnTi

Where w,, are the base-band subcarrier frequencies. Con-
sider H[jw]® in the case where there are two propagation

3CSI for all N subcarriers H[jw] = [H[jw1], H[jw2], -+ , H[jwn]]



paths, a line-of-sight path of delay 7; and a reflected path of
delay 75. We should expect a CIR with two peaks centered at
71 and 7». However, since the typical Wi-Fi radio is designed
for communication and not for sensing, some additional trans-
formations are applied to the CSI, corrupting the ideal CIR.
Without undoing the effect of these transformations, we will
not be able to find the line-of-sight path length and recover the
user’s distance from the access point. Figure 3 demonstrates
the cumulative effect of these errors.

Observing figure 3, we see several problems: There is a
7 /2 phase offset between the upper and lower half of the CSI
due to channel-bonding [14], several subcarriers near DC and
at the edges are nulled, and the entire CSI has been shifted
so its centroid in time lies at ¢ = 0. We un-rotate the upper
half-band to remove the first issue, but removing the zeroed
subcarriers and recovering the true time-shift in the CIR is
nontrivial. We briefly discuss the reason some subcarriers are
nulled, then discuss how we undo the effect of this nulling to
construct an accurate CIR.

40MHz Wi-Fi splits a symbol into 128 orthogonal subcarrier
frequencies. Each of these frequencies carries an independent
data stream, so the receiver must measure CSI separately
for each subcarrier frequency. In practice, the Wi-Fi standard
does not use all 128 subcarriers. 5 carriers on the high and
low ends of the spectrum are unused, to reduce the effect
of interference between adjacent channels. 3 carriers around
the center frequency are also left unused to simplify the
receiver circuitry, and 6 carriers called *pilots’ transmit dummy
data. The Wi-Fi radio reports H[jw| for the data and pilot
subcarriers, but the other subcarriers are left at zero. This
zeroing in the frequency domain causes a ripple-like effect
in the CIR which causes adjacent paths to interfere slightly
with each other, reducing the accuracy to which we can detect
the location of the line-of-sight path.

Now, we discuss Wi-PRO’s simple algorithm to reconstruct
the nulled subcarriers. Here we denote the set of zeroed
subcarriers as €1z, and the known data subcarriers as Qp.
The Fourier Transform of the CSI with the zeroed subcarriers
cause a distortion of the CIR which manifests as a widening
of its envelope and an increase in side-lobe ripples over the
ideal sinc function. This distortion can be better visualized
through up-sampling the CIR by taking an IFFT of the
CSI using sub-sample spacing between output time points.
This allows us to sample the continuous-time A(t) at a finer
resolution as shown in 4. To avoid these distortions our first
goal is to choose interpolation values for the unknown nulled
subcarriers’ channels, H[j{z], given the known H[jQp], that
best approximates the real H[jw].

A classical solution to this problem is the linear-phase-
fitting method, where we fit a linear slope to ZH[jw], and
choose values for ZH[j§2z] that fit this slope. The correspond-
ing magnitudes can be chosen as the average magnitude of the
adjacent known portions of H[jwp]. This method performs
well when h(t) is dominated by a single path, but causes
significant distortion when there are paths with similar strength
in h(t). We observe this effect in figure 5.
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Fig. 5: Estimated CIR for a 2-path channel using 3 techniques:
No interpolation, linear-phase interpolation, and our method.
The top plot shows the entire non-zero part of the CIR, the
bottom left shows a zoom-in on the first peak, and the bottom
right shows a zoom in on the rising portion of the first peak.
Linear-phase interpolation causes large distortions in peak
location up to 2 meters, and no interpolation results in a wider
‘sinc* function, hurting our ability to detect the CIR’s rising
edge and reducing ranging accuracy by 10cm. (see figure 9a.)

The linear-phase approximation fails because the recovery
of h(t) from incomplete frequency measurements is inherently
underdetermined, and any interpolation method implicitly en-
codes assumptions about the underlying channel structure.
Linear-phase fitting assumes a single dominant path, which
produces a linear phase response across frequency, but this
assumption breaks down under multipath. We propose a simple
interpolation method which better matches the distribution
of real world channels, which is to choose v, interpolation
values for H[j ], which minimize the L; norm of the CIR:

N
I:I[jﬂz] = argmin Z ‘f_l{H[jw]}[nH (8)
Yo p=0
Hljo] — {112:; | w € Qz (optimization variable) ©)
[jw] weQp (known)

Where H[jQp] are the known CSI values and H[jQ ;] are
the unknown optimization variables, and N = 128.

This method effectively constrains the CIR to have a lower
number of peaks. Since nulling tends to increase the side
lobes of every peak and increase the L; norm of the CIR,
we choose interpolation values that minimize this norm. The
minimization problem in equation 8 is convex and converges
in 5-10 steps of gradient descent in our implementation. The
Wirtinger gradient of the loss term in the RHS of equation 8
is:

Vapw) = F{s(F {H[jw]})}[jw] (10)
s(z) = {g”xl zig (11)

Where s(z),z € C is the “complex sign” operation, which
returns a unit-magnitude complex number pointing in the same
direction as the input. We use this expression to optimize eq. 8
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Fig. 6: Simulated CIR with two paths: one at 5 meters and
one at 13 meters. The contributions to /(t) from each path are
shown in blue and red dotted lines. Since the paths are close
together, they combine into a single peak, causing normal first-
peak-index detection (black dotted line) to fail. Compensated
leading edge detection (green) recovers the true first path.

via gradient descent. With an exact estimate of the CSI across
all subcarriers, we can next correct for the effect of multipath.

B. Re-alignment and Edge Detection

For the purpose of ranging, our goal is to find the time
of the LoS path in the CIR. By the triangle inequality, we
know the LoS path must be the shortest path. The canonical
method of detecting the shortest path is the ‘First-Peak-Index’
method. In this method, the first peak in |A(t)| which is above
an empirically-chosen threshold is selected as the LoS path.
This method works well when all paths are widely separated,
but fails when there are paths with similar distances, because
nearby paths can merge together to create a single large peak.
Figure 6 demonstrates a simulated channel in which this is the
case. Two propagation paths are present, one at 5 meters and
one at 13, but their sum results in only a single large peak at
8 meters, causing the first-peak-index method to fail.

The Ultra Wide-Band (UWB) literature [15], [16] has an
alternative solution to this problem, which is to measure when
the CIR first rises above a threshold, known as ‘Leading-Edge
Detection.” In this method, we choose the reception timestamp
as the point at which the channel magnitude first rises above
a threshold value T. The leading edge of our example CIR
from before is demonstrated in figure 6. This method works
well for UWB, but in a lower-bandwidth system like Wi-Fi,
every propagation path is convolved with a sinc function due to
the low sampling rate. Directly using the leading edge causes
us to choose the earlier portion of the sinc, and significantly
underestimate the range, as shown in figure 6. We can estimate
what the error term %4, should be by computing when a sinc
function with magnitude 1 crosses the threshold value 7', and
add this bias to the measured leading edge, leaving us with
the final channel rise time:

trise = tsinc + Hgf{|h(t)| > T} (12)

In our evaluations, we normalize the CIR by setting its
maximum magnitude to 1, and demonstrate that values of T’
between [0.2,0.5] are near-optimal (Sec IV-B4.)

We have now determined the correction term, ts, wWhich
picks out the LoS path in the measured CIR. The final step is
to consider how it can be applied to the FTM algorithm. Recall
that the Wi-Fi radio records the timestamps t(1),t(®) at t =0
in the respective CIR. We do not have the CIR for t®), but

we have assumed h,(t) = hq4(t), so we assume tl(fgi = tfii
Thus, we have:
s =t + 1) (13)
tias =t + 1) (14)
1.3 1
TLoS = 5[( £O)S - t(2)) + (tI(‘O)S - t(O))]
(1)
= TLos = T + trise (15)

Thus, we can compensate for multipath-induced bias simply
by using the CIR at one end of the FTM exchange, and adding
the rise-time of the CIR to it.

C. Implementation

We deploy our algorithm on commercial-off-the-shelf
ESP32-S3 devices [17], with the entire CSI interpolation and
range compensation process running entirely on the ESP32.
As our algorithm requires paired CSI and FTM measure-
ments, we extract CSI data from the ESP32 every time it
runs an FTM exchange. The ESP32s are configured to run
a callback function every time a Wi-Fi packet is received,
which gives us access to the CSI, transmitting MAC address,
RSSI, and other features. We also patch the ESP’s firmware
to additionally emit the high-accuracy timestamp which is
used in FTM with every CSI packet, allowing us to associate
CSI measurements to FTM exchanges. When raw CSI and
FTM data have been associated, the ESP32 performs the
subcarrier interpolation, upsampling, and rise time detection
steps, and outputs the final range estimate over USB to a
host device. Total processing takes 24ms on the ESP32-S3,
allowing Wi-PRO to process packets in real time. The ESP
additionally outputs the raw CSI and FTM measurements for
benchmarking purposes. All source code and data are available
at https://github.com/ucsdwcsng/wi-pro-esp32-ftm.

IV. EVALUATION

We evaluate Wi-PRO’s positioning performance by deploy-
ing it in 2 different environments (DS1 and DS2), spanning
a total area of over 1400m?. In each environment we deploy
3-6 ESP32-S3 anchor nodes each connected to a raspberry Pi
4. We deploy another tag ESP32-S3 on a wheeled Turtlebot
3 robot with a LiDAR running ROS2’s Slam Toolbox [13]
for mapping, which we use to generate ground-truth position
data as well as a 2-d map of the environment. In total DS1
contains 213 robot locations and DS2 296. DSI1 is designed
to be an ’easy’ dataset in which LoS is maintained to all 3
anchors at all times, and DS2 is a ’hard’ dataset in which
there is typically only LoS to 2-3 of the 6 anchors, and strong
metal reflectors to NLoS anchors. Additionally, in DS2 the tag
moves over an entire office building floor, and at times goes
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Fig. 7: Setup and Deployment of Wi-PRO: Left: Robot with ESP32 tag for ground-truth data collection, Wi-PRO anchor on
tripod with RPi. Center: Environment photos of dataset 1 (DS1) and dataset 2 (DS2). Right: LIDAR maps of DS1 and DS2,
robot trajectory in blue, anchor locations in red. DS1 spans roughly 12x20 meters, DS2 spans 30x40 meters, with up to 50

meter max range.
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Fig. 8: (a,b) Range error CDF for (DS1,DS2) respectively. A split X-axis is used due to the long tail of range errors. (c,d)

X-Y localization error CDF for (DS1,DS2).

up to 30 meters away from the nearest anchor. Figure 7 shows
images of the tag and anchor design, and photos and LiDAR
maps of each dataset. In both datasets we choose the leading
edge threshold T as 25% of the strongest path’s power and use
Wi-Fi channel 6 at 40MHz bandwidth for all transmissions.

The goal is for the tag to localize itself using the estimated
range to each of the anchors, whose location we assume is
known. Localization is performed using a standard trilateration
algorithm. The tag on the robot makes round-robin FTM
initiations to the anchors, allowing it to obtain up-to-date range
estimates. At every point in the robot’s trajectory, we take the
most recent FTM range measurement to each anchor, as well
as the measured RSSI, and compute:

Nanchor
By x iz 2
L(z,y) = 102 - —mi 16
w0 =3 1 | S
Z,4y = argmin L(x,y) 17)

z,y

In which z;,y; are the x and y positions of anchor i, R;
is the most recent RSSI and 7; the most recent propagation
delay from equation 15. We ignore anchors for which no FTM
exchange has been made in the last 5 seconds.

A. End-to-End Performance

1) Ranging Accuracy: First we evaluate the ranging accu-
racy of Wi-PRO on both datasets. For all anchors deployed in
each environment, we plot the CDF (Cumulative Distribution
Function) of the absolute error between the ground truth from
the robot and predicted range. Plots for DS1 and DS2 are
visible in figures 8a, 8b respectively. Wi-PRO obtains a 1.51
meter median error on DS1 and 2.39 meter median error on
DS2. 90" percentile error is 6.65m on DS1 and 14.5m on
DS2. We also benchmark against FUSIC [6]’s FTM correction
algorithm, the ranges reported by the ESP32, and a simple
RSSI baseline based on the ITU-R propagation model [18].
Wi-PRO obtains 3-4x better median range accuracy than
the out-of-the-box ESP32 algorithm across the board. Note
that non-Wi-PRO FTM algorithms outperform RSSI in a LoS
scenario (DS1) but degrade significantly in a NLoS scenario
(DS2,) validating that multipath is the primary cause of
poor FTM performance. Table I reports the median and 90"
percentile for all algorithms.

2) Localization Accuracy: We also examine the x-y lo-
calization accuracy obtainable with the predicted range. We
plot the CDFs of the error between the predicted x-y tag
location and the robot’s actual position. Figures 8c and 8d
show these CDFs for dataset 1 and 2. Again, we compare
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TABLE I: Ranging & Localization Error: Median (90*")

Algorithm | DS1 Range | DS2 Range DS1 Loc. DS2 Loc.
Wi-PRO 1.51 (6.65) | 2.39 (14.50) | 3.17 (10.32) | 3.52 (11.17)
FUSIC 5.73 (14.98) | 9.50 (30.11) | 8.78 (14.52) | 11.25 (23.89)
ESP32 8.23 (21.23) | 18.52 (52.29) | 10.68 (16.02) | 14.02 (28.76)
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Fig. 10: Ranging error in an outdoor environment with little
multipath.

against FUSIC and the base ESP32 range, and show median
and 90th percentile errors in table I. We obtain 3-4 meter
median positioning error, a 2-3x improvement over the base
ESP32 range. Note that all performance here is using single-
shot range measurement to each anchor with no averaging
or outlier rejection. A full implementation of a localization
system would attain better performance by fusing with other
sensors such as IMUs and taking into account multiple past
measurements. Our focus in this work is on improving raw
range measurements, not developing a full localization system.

B. Ablation Studies

We further perform a few ablation studies to understand the
importance of various components of Wi-PRO and Wi-PRO’s
ranging estimation’s robustness under various environmental
conditions.

1) Algorithm Components: To understand which portions
of Wi-PRO’s algorithm contribute the most to improved lo-
calization accuracy, we test Wi-PRO on DS2 with different
portions of the delay compensation disabled. Figure 9a shows
CDFs for range error for a variety of permutations of our
algorithm. Wi-PRO’s full algorithm performs the best, the
other variations are:

e No LI Interp.: Null recovery from equation 8 is omitted,

increasing the median error over Wi-PRO by 32cm.
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Fig. 11: Time-Series range predictions at one anchor for the
ESP32’s basic algorithm, FUSIC, and Wi-PRO. Top: Outdoor
scenario with little multipath. Bottom: Dataset 2.

e FP—r1rpr: The first-peak index instead of leading edge
is used as the time correction, increasing median error by
47cm.

Table II gives median and 90" percentile errors for the various
algorithm permutations.

2) Outdoor Performance: We additionally collect one
single-anchor dataset in an outdoor setting where there is little
multipath. Figure 10 demonstrates range error CDFs, showing
that Wi-PRO provides a small advantage over other implemen-
tations in this scenario. This is likely due to internal reflections
inside the RF circuitry spreading the single transmission path
into several close ones. To test this theory, we also run the
"First-Peak-Index’ version of Wi-PRO, without leading edge
detection. It performs somewhat in between Wi-PRO and prior
methods, partially validating this theory. We plot time-series

TABLE II: Range Error: In meters for DS2

Algorithm | Wi-PRO | No L1 interp. | FP-Tpr1
Median 2.39 2.49 2.87
90t 14.53 14.44 16.11




errors in Fig. 11 for an indoor and outdoor scenario, to better
visualize Wi-PRO’s advantage over prior systems in indoor
scenarios.

3) Range Bias: In figure 9c, we plot ground truth range on
the X axis and predicted range on the Y axis to understand
any correlation. The green ESP32 plot has a near-universal
positive bias, indicating that multipath is indeed the primary
source of ranging error. We also note that there is little
functional correlation between the ESP’s predicted range and
its actual range. Figure 9b shows that there is also similarly
weak correlation between the RSSI and the range, implying
that data-driven methods alone cannot obtain accurate range
estimation on our dataset. Using a log-linear fit, a typical
model for indoor propagation path loss [19], this method
only achieves a 3.84 meter median error. This performance
is bolstered by the log-linear model being fit to the specific
dataset collected, and this method cannot generalize to other
transmitter locations, and is not robust to changes in path
attenuations or transmitting tag.
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Fig. 12: (a): Median range error vs. number of /; minimization
steps for DS2. (b): Median range error vs. threshold value 7'

4) Hyperparameters: In figure 12a, plot the median ranging
error on DS2 vs. the number of iteration steps in equation 8.
We see that the problem is highly convex and converges after
just 2 iterations. In figure 12b, we again plot median ranging
error on DS2 but vary the rise-time selection threshold 7. We
find that values between 0.2-0.5 are acceptable.

V. RELATED WORK

Several past works have attempted to improve the perfor-
mance of FTM indoors. These works generally acknowledge
that the chief reason for FTM’s poor performance is due to
multipath, and their solutions fall into two categories: signal-
processing based solutions which use CSI, and statistical
solutions which fit a bias model to the predicted range and
RSSI.

Signal-Processing Methods: FUSIC [6] uses many FTM
and CSI measurements to obtain many multipath profiles,
averages them with MuSiC, and analyzes which peak is likely
to correspond to the direct path based on their relative powers.
It updates the FTM prediction when the first path’s power falls
below a threshold. FSI [7] uses a similar method, combined
with an IMU, to estimate the tag position. However, these
works fail to correctly model the source of timestamping

error in the Wi-Fi hardware, as they only correct the range
estimate in NLOS scenarios where the direct path is weak.
Additionally, since they rely on MuSiC to average many
packets to reduce noise in the CSI, they fail to generalize
to mobile scenarios. We implement FUSIC’s range correction
algorithm as a benchmark, omitting the MuSiC averaging since
we find that it results in unilaterally worse performance with
a mobile tag.

Data-Driven Methods: [8] scans over a set of ranges,
measuring the predicted range from FTM at each step, and
then fits a monotonic curve to the data. This method requires
hardware and location-specific calibration, and is not able to
handle dynamic tag motion or changes in reflector position.
[10], [9] train a neural network on measured range and
RSSI, again requiring location-specific calibration that does
not generalize. We do not benchmark against these systems,
since we seek a general calibration-free solution.

Some works [20], [21], [22] have examined the ESP32’s
CSI measurement capabilities. These works are all focused
on motion detection using variation in the CSI amplitude,
and do not characterize the phase offsets that we observe.
[23] also examines channel quality for timing indoors, but
is focused only on carrier phase and time synchronization,
instead of measuring accurate range. Outside of Wi-Fi, the
UWB localization field has several works which attempt to
correct range errors by NLOS path identification [24] [25].
Leading-edge detection is also sometimes used for identifying
the LOS path in UWB [15] [16] to our knowledge, we are the
first to explore this algorithm for a low-bandwidth system like
Wi-Fi.

VI. DISCUSSIONS & FUTURE WORK

We have presented Wi-PRO, a system that can remove
the bias in FTM measurements indoors. This presents large
potential for future lines of inquiry in the wireless localization
field:

o Developing robust localization systems: While this
work focuses solely on range estimation, there is a
large body of literature on indoor wireless positioning
which stands to benefit from increased ranging accuracy.
Machine-learning methods like [26] or database-lookup
methods like Skyhook [27] could be augmented with
range or CIR estimates as features. For single-user self-
localization scenarios, sensor fusion methods such as
[5], [28], [29] could use range estimates to augment a
smartphone or robot’s internal sensors and obtain more
accurate localization.

o Indoor time distribution systems: Parallel to delay
estimation is clock offset estimation. While the esti-
mated clock offset from FTM (equation 4) does not
directly depend on the receiver identifying the direct
path, dynamic multipath due to moving reflectors would
cause variable delays between the uplink and downlink
packet of the FTM exchange, causing a bias. Accurate
direct-path recovery could lead to more accurate clock
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synchronization systems, which in turn could enable ap-
plications like time-difference-of-arrival localization [30]
or provide wireless frequency synchronization to align
multiple distributed SDR receivers [31].

IoT Applications: Many recent works [32], [33] con-
sider range-based localization of a network of static de-
vices with unknown initial positions. These works either
only test their algorithms in simulation, or use high-cost
UWRB receivers. With a low-cost node design capable of
measuring accurate range, many of these systems could
be tested and implemented.
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