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Abstract

To address the problems of high communication overhead and high algorithmic
complexity in indoor trajectory tracking processes, a personnel trajectory track-
ing method based on CSI (channel state information) signals is investigated.
First, the AOA (angle-of-arrival) spectrum representing the probability of the
target position (angle) is extracted from CSI, and the Doppler frequency shift
obtained through the MUSIC algorithm is combined with the AOA spectrum
to determine the moving speed and position of the personnel; finally, an im-
proved trilateration centroid algorithm is utilized to determine the personnel
position, simulate the movement trajectory, and achieve accurate tracking and
localization of indoor personnel. Through comparison with other algorithms and
different personnel moving speeds, simulation experiments demonstrate that the
personnel tracking method proposed in this paper can significantly improve the
accuracy and stability of localization.
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Abstract: This paper investigates a personnel trajectory tracking method
based on CSI (channel state information) signals to address the problems of
high communication overhead and algorithmic complexity in indoor trajectory
tracking processes. First, the AOA (angle-of-arrival) spectrum, which represents
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the probability of target position (angle), is extracted from CSI. The Doppler
shift obtained through the MUSIC algorithm is then combined with the AOA
spectrum to determine personnel movement speed and position. Finally, an
improved trilateration centroid algorithm is employed to pinpoint personnel
locations and simulate movement trajectories, achieving precise indoor person-
nel tracking and localization. Through comparisons with other algorithms and
across different movement speeds, simulation experiments demonstrate that the
proposed tracking method significantly improves localization accuracy and sta-
bility.

Keywords: CSI signal; trajectory tracking; trilateration; centroid algorithm;
tracking localization

0 Introduction

Localization technology, as a crucial component of ubiquitous computing and
the Internet of Things, has attracted increasing attention. While Global Naviga-
tion Satellite Systems (GNSS) play a key role in outdoor precision positioning,
they fail to deliver high-accuracy localization indoors due to multipath effects,
scattering, and diffraction characteristics exhibited by signals during propaga-
tion. Current CSI-based localization research has achieved promising results,
even reaching meter-level or sub-meter-level precision.

In recent years, institutions including MIT, Stanford University, University of
Washington, Hong Kong University of Science and Technology, and Tsinghua
University have conducted extensive research on CSI-aware application systems.
Reference [1] utilized commercial Wi-Fi to achieve device-free indoor person-
nel tracking with high localization accuracy even under packet loss and latency
conditions, but did not consider multi-person tracking, real-time tracking, or
multipath effects. Reference [2] employed software-defined radio (USRP) to im-
plement gesture recognition across an entire experimental area and used FFT
to detect Doppler shifts. Reference [3] constructed a virtual touchscreen using
RFID and leveraged AoA information for fine-grained tracking. WiDraw uti-
lized AoA information to provide a viable approach for position determination
using phase information, but required Wi-Fi transmitters to cover all directions
in the environment [4], which proves difficult to implement in practice due to
multipath effects. Reference [5] developed LIFS, a low-cost, high-precision pas-
sive target localization method based on a CSI model that effectively combined
CSI characteristics for target localization, but did not consider the relationship
between detection area and detection rate. Reference [6] applied phase infor-
mation from CSI to mouth movements during speech to achieve finer-grained
localization, though phase information is difficult to obtain and requires special-
ized USRP equipment, resulting in low stability and practicality. The FIMD
system in Reference [7] achieved finer-grained personnel detection in static en-
vironments by leveraging CSI stability, but did not achieve high detection rates
and its overall performance was affected by environmental changes. The BFP
system in Reference [8] utilized CSI for behavior-agnostic movement detection
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with good overall performance, but suffered from low algorithmic efficiency.

Existing trajectory tracking methods generally sacrifice high communication
overhead and algorithmic complexity to improve accuracy. In contrast, the CSI-
based personnel trajectory tracking method proposed in this paper effectively
avoids these issues. First, extracted CSI signals are processed using a smoothing
algorithm to form an enhanced CSI algorithm that compares previous CSI values
with current ones, reducing kinetic fluctuations of moving personnel targets.
Finally, an improved trilateration centroid algorithm is used to determine each
activity point, with all activity points plotted to form trajectory images for
visual display, enabling more precise indoor personnel tracking and localization.

1.2 CSI Signal Doppler Shift Extraction

Multipath propagation occurs in indoor environments with a pair of transmitters
and receivers, where signals travel not only along direct paths but also reflect
off objects (such as people) and walls. The signal received at the receiver is
therefore a superposition of signals from all paths. When a person moves in the
environment, the lengths of reflected paths change accordingly, causing Doppler
shifts in the carrier frequency of reflected signals. The carrier frequency is given
by:

Upath
C

f = fc + fc

where f, is the original carrier frequency, v,,,, is the rate of path length change,
and c is the propagation speed of Wi-Fi signals in air. When people move, the
introduced frequency shift for Wi-Fi signals is only a few tens of hertz for 5 GHz
channels. Clearly, detecting such fine-grained Doppler carrier frequency shifts
is extremely difficult.

1.1 Channel State Information

CSI is channel state information that measures channel conditions, belonging to
the PHY layer and derived from decoded subcarriers in OFDM systems [9-10].
CSI is fine-grained physical information that is more sensitive to environmen-
tal changes and has been applied in activity recognition, gesture recognition,
keystroke recognition, and tracking. To determine the received power of a mea-
sured node, the transmit power of the transmitting node is used as a reference
and then converted to the distance between nodes using a signal propagation
attenuation model. Finally, the position of an unknown node can be simply
determined using an improved trilateration algorithm.

The relationship between transmit power and receive power of wireless signals
can be expressed as:
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Pr
PR - dT
where Pp is the received power, Pr is the transmit power, d is the distance

between transceiver units, and n is the propagation factor whose value depends
on the wireless signal propagation environment.

Taking the logarithm of both sides of the equation yields:

10log P = 10log Py — 10nlogd

The left half of equation (3), 10log Py, represents the received signal power
converted to dBm. Substituting the known transmit power into equation (2)
gives:

10log Pr(dBm) = A — 10nlogd

where A = 10log P;-(dBm) is the received signal power when the signal travels 1
meter. From equation (4), A is a CSI constant, and the values of n and A deter-
mine the relationship between received signal strength and signal transmission
distance.

Since the signal attenuation differs at each reference point, a single value of n
lacks generality and is difficult to validate for accuracy. From equation (4), we
derive equation (5) to obtain a set of n; values:

A —10log Pp,
i = 10logd,

The average of this set of values, n, is the propagation factor we seek.

2.1 MUSIC-Based Doppler Estimation

During CSI acquisition, packet loss/delay caused by environmental noise and
interference can prevent normal transmission and reception of sample data pack-
ets. To address these issues and obtain accurate Doppler shift estimates using
Wi-Fi devices, this paper proposes a MUSIC-based algorithm for precise Doppler
frequency shift estimation.

Assume the first CSI sample is collected at time ¢, with each subsequent sample
having a sampling interval of At. Within a short sampling window, the path
change rate is treated as constant because attenuation differences across CSI
samples vary. The phase difference between the i-th CSI sample and the first
sample can be expressed as:
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v 1At
A, =2mf 20—
C

The Doppler vector and CSI sample matrix with M samples can be directly

written as equation (4), where v, is the rate of path length change.

When only one path signal exists, the Doppler shift can be easily calculated
from phase measurements of CSI samples. In practical multipath scenarios, L
path signals arrive at the receiver. The CSI sample matrix can be expressed as:

L
X(f,1) :Za t) + N(f)

where a(v;) is the steering vector for the i-th path signal, s,(f,t) is the i-th path
signal’ s CSI measured at the first sampling time, and N(f) is the noise matrix.

To obtain the Doppler shift for each path signal, this paper adopts multiple
snapshots in the frequency domain from CSI samples. As shown in Figure 1
[Figure 1: see original paper], devices provide CSI across multiple subcarriers.
Let K be the number of CSI subcarriers with M snapshots. For the i-th CSI
sample:

X;(fo + Afyrto +iAt) = [2,(f1, to + iAL), .., 2, (fic, to +iAL)]T

The correlation matrix R with M eigenvalues can be expressed as:

R = E[XX#] = AE[SSH]AH + E[NN#] = AR A" + %1

where R, is the signal matrix correlation matrix, I is the identity matrix, and
o2 is the noise variance. The correlation matrix R has M eigenvalues, with
the smallest M — L eigenvalues corresponding to noise and the remaining L
eigenvalues corresponding to path signals.

The eigenvectors corresponding to the smallest eigenvalues construct a noise
subspace Ey = ey, ...,€)]. Since signal and noise subspaces are orthogonal,
the Doppler velocity spectrum function can be expressed as:

1
P —
MUSIC (U> aH (U)ENE%a('U)

where peaks correspond to maxima in the spectrum function. With known
original carrier frequency and propagation speed, the Doppler velocity can be
obtained.

chinarxiv.org/items/chinaxiv-201809.00132 Machine Translation


https://chinarxiv.org/items/chinaxiv-201809.00132

ChinaRxiv [$X]

2.2 Improved Trilateration Centroid Algorithm

In complex indoor localization, detected personnel movement trajectories change
constantly [14-16], and external uncertainties cause significant fluctuations in
CSI signal values, leading to large localization errors that fail to meet expected
performance. This paper introduces a smoothing algorithm that compares adja-
cent CSI signal values, removes those with excessive fluctuations, and achieves
precise localization. The improved smoothing algorithm implementation con-
sists of two phases: distance estimation and position estimation.

2.2.1 Distance Estimation

The CSI localization mechanism consists of reference nodes and unknown nodes.
In a two-dimensional coordinate system, the standardized Euclidean distance
between fixed reference node coordinates and CSI values received by unknown
nodes is calculated. Taking the reference point’ s x-coordinate value as z,; and
each collected unknown node’ s CSI value as y;, their standardized Euclidean
distance is given by equation (15):

2 2 2
57 s5 52

ry —y1)? (T —ys)? Ty — Yn)?
d(xi,%)_\/m D7, (@ =) (2~ )
To avoid accidental errors, we derive equation (16) from equation (15). The
data smoothing process is defined as:

Rest (’I’L) = )‘Rpre(n) + (1 - )‘)[Rmean (’I’L) + Vpre(n)Ts]

where R, (n) is the n-th smoothed CSI range estimate, R, (n) is the n-th
predicted CSI range, R, .., (7) is the n-th measured CSI range, R, ., (n) is the
n-th smoothed range ratio, R,,,. .4 (n) is the n-th predicted range ratio, A and
& represent gain constants, and T, is the variation time period.

The processing steps are as follows: a) Calculate R, (n) and R, (n) using
equations (17) and (18). b) Compare the n-th CSI value’ s range with the ratio
estimate and prediction. ¢) Obtain the n-th reference point value from equation
(20), then calculate the CSI value using equation (5). Since the propagation
factor’ s effect on signal attenuation is included in the calculation, the CSI value
contains some error. The obtained CSI values are averaged to produce a more
accurate value sent to unknown nodes.

2.2.2 Position Estimation

Traditional trilateration determines the intersection point of three circles with
known radii and centers. As shown in Figure 2 [Figure 2: see original paper],
the connections between three circle centers cannot accurately converge to a
single point during ranging.
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To reduce errors between estimated and actual coordinates, this paper proposes
an improved trilateration method using weighted least squares to estimate un-
known node coordinates. The method proceeds as follows: a) For n points in the
two-dimensional coordinate system, fit a curve at the center of the sample data.
b) Introduce a squared loss function. Let @ be the residual sum of squares, with
the sample regression model given by equation (21):

Yi = Bo + brzi + e
where ¢, is the error for sample 7. The squared loss function is:

n

Q= Zezz = Z(yz —9;)? = Z(yz — By — By;)?
i=1

i=1 i=1

Treating (B, and [; as variables, this becomes an extremum problem solvable
through differentiation. Taking partial derivatives of @ with respect to the two
parameters:

0Q -

Tﬁo = _2;(% — By —Pz;) =0
aﬁ_ n

_2Z<yi — By — 611‘1)1‘& =0

i=1

By

The extremum points where partial derivatives equal zero yield the activity
point location. Solving gives:

YT — DT DY
ny zi— (3 ;)
_ DY — B

n

ﬁlz

Po

The resulting (z,y) represents the coordinates of the sought activity point.

2.3 CSI-Based Personnel Trajectory Tracking Method

Based on the theoretical analysis above, this paper proposes a CSI signal-based
personnel trajectory tracking method. The algorithm implementation process
is shown in Figure 3 [Figure 3: see original paper].

a) Extract CSI signal values from the deployed experimental environment.

b) First, use the MUSIC algorithm to estimate Doppler shift (the proposed
Doppler-Music algorithm), then estimate the AOA spectrum to determine
whether personnel are within the preset range. If yes, proceed to step c);
otherwise, return to step a).
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¢) Apply the smoothing algorithm to remove redundant points from the ac-
tivity points obtained in step b), then use the improved trilateration al-
gorithm to determine activity point positions. Check if results are within
the reference range. If yes, proceed to step d); otherwise, return.

d) Process the points within the activity range, collect sufficient points to
simulate the trajectory image, and terminate the program.

2.4 Communication Overhead and Algorithm Complexity
Analysis

To calculate communication overhead F, we introduce several parameters: N
represents the number of nodes in the network; A represents the number of
anchor nodes; G represents the average network connectivity; C' represents the
average number of neighbor nodes; and K represents the number of anchor
nodes participating in multilateration localization.

The overhead of this algorithm primarily manifests in inter-node communica-
tion and packet transmission processes, making node distance a critical factor
affecting communication overhead. When an unknown node obtains distances
to three or more anchor nodes, trilateration localization is performed. Let the
unknown node coordinates be (z,y) and anchor node coordinates be (z;,y;).
The distances from the unknown node to anchor nodes are r;. Establishing a
linear system yields equation (26):

2wy —xy) 20— ) ay —xp+yi —yp -t
2wy —xy)  2(y2— ) m | w—mys g -

: : y :
2@y — ) 2(Yp1 — Yk) R i R Vi S

After solving for the unknown node position using least squares, the distance
between adjacent nodes is calculated as X. The average distance for C' neighbor
nodes is CX, where X = 1 Z?zl |x; — Z|. Additionally, packet transmission in-
curs communication overhead. Using controlled flooding to transmit messages
in the network, each anchor node broadcasts packets while intermediate nodes
only forward unsent packets. Each node sends an average of A packets, and
since the flooding process occurs twice, each node sends an average of 24 pack-
ets. The communication overhead for N network nodes is 2AN. Thus, total
communication overhead is £ = CX + 2AN.

After obtaining unknown node positions through trilateration, matrix multi-
plication using least squares requires calculations involving the number of an-
chor nodes K and the number of anchor nodes participating in multilateration
A. Therefore, the time complexity of this algorithm is T(AK), approximately
T (n?), and the space complexity is O(n).
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3.1 Experimental Environment

CSI signals can be obtained through Intel 5300 and Atheros 9380 wireless net-
work cards. This paper adopts the Atheros 9380 solution. The localization
algorithm requires: two desktop computers equipped with Atheros 9380 net-
work cards (Intel Core i3-4150 CPU, Ubuntu 10.04 LTS operating system, with
customized kernel and wireless card drivers), one serving as a signal transmitter
and the other as a receiver. The experimental site is a 9 m X 6 m office area
divided into 25 square zones (0.8 m x 0.8 m each), with transmitter-receiver
separation of 4.5 m and antenna height of 1.2 m. The floor plan and detailed
zone layout are shown in Figure 4 [Figure 4: see original paper], with on-site
testing shown in Figure 5 [Figure 5: see original paper].

The office environment floor plan is illustrated in Figure 6 [Figure 6: see original
paper]. The tracking area measures 9 meters x 6 meters. Markers were placed
on the floor and a camera recorded when subjects passed them. In the exper-
iment, five students walked along different paths (lines, rectangles, circles) at
the same time each day for two weeks. One hundred trajectories were collected
per person to report tracking errors and demonstrate performance.

3.2 Tracking Performance Analysis

To verify the impact of packet loss/delay on tracking performance, controlled ex-
periments were conducted with varying loss and delay magnitudes, with results
shown in Figure 10 [Figure 10: see original paper].

Figure 10 indicates that without packet loss/delay, the algorithm’ s tracking
error is approximately 8%. In real environments, packet loss/delay occurs due
to environmental noise and interference. Therefore, randomly dropping some
CSI packets simulated packet loss/delay scenarios. Even with 50% packet loss,
the method maintains high tracking accuracy similar to the no-loss case. Fig-
ure 10 also shows the CDF of tracking errors in the laboratory environment,
where multipath effects are more pronounced due to numerous obstructions.
The method still achieves excellent tracking performance, demonstrating that
static environment tracking performance is significantly higher than in dynamic
environments.

To further investigate speed’s impact on tracking performance, targets walked at
three speeds: slow (<1 m/s), normal (1-1.5 m/s), and fast (1.5-3 m/s). Speed
effects are shown in Figures 11 [Figure 11: see original paper| and 12 [Figure
12: see original paper].

Figure 11 shows that speed affects tracking performance, with the slowest speed
producing about 8% less error than the fastest speed, indicating better tracking
performance at lower speeds. Figure 12 demonstrates that velocity direction
error increases with movement speed.

The Doppler-Music method was compared with the partition-based K-means
algorithm. Since K-means estimates Doppler velocity based on CSI amplitude,
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it cannot provide direction information. Therefore, K-means was used only for
Doppler velocity magnitude estimation while Doppler-Music provided direction
information. As shown in Figure 9 [Figure 9: see original paper], even with
direction information improving performance, K-means still exhibits 44% error
at normal speed and 17° direction error—far exceeding Doppler-Music’ s per-
formance. This is because Doppler-Music estimates Doppler velocity using CSI
phase, which is more stable than the CSI amplitude used by K-means. More-
over, unlike other methods, Doppler-Music can simultaneously estimate both
magnitude and direction of Doppler velocity.

The effects of antenna power (PA) and static component (RS) on trajectory
tracking accuracy are shown in Figure 9. Without adjusting antenna power
or removing static components, velocity error is 37% and direction error is 26°.
Adjusting only antenna power yields 19% relative velocity error and 17° direction
error. Removing only static components produces 17% relative velocity error
and 8° median direction error. Adjusting both antenna power and removing
static components achieves 11% relative velocity error and 7° median direction
error. Removing strong interference static components significantly improves
tracking performance, while adjusting both antennas’power yields more accurate
Doppler velocity direction information.

Figure 7 [Figure 7: see original paper| shows tracking results using the proposed
algorithm in a real environment, while Figure 8 [Figure 8: see original paper]
depicts human velocity direction accuracy. Figure 7 demonstrates that track-
ing performance is closest to expected results when the subject’ s trajectory
is circular, indicating optimal tracking for this pattern. Figure 8 shows that
normal-speed movement amplitude error is as low as 14% while direction error
is only 7°.

Tracking five targets simultaneously, error analysis is shown in Figure 13 [Figure
13: see original paper]. The results demonstrate consistent performance across
different targets.

3.3 Performance Comparison

To further demonstrate the proposed algorithm’ s tracking performance advan-
tages, comparisons were made with traditional K-means and PCA algorithms.
Communication overhead performance is compared in Figure 14 [Figure 14: see
original paper], and algorithmic complexity in Figure 15 [Figure 15: see original
paper].

Figure 14 shows that the proposed algorithm exhibits stable communication
overhead earlier over time and significantly outperforms PCA. More stable
performance indicates lower communication overhead, more accurate node po-
sitions, and better trajectory tracking performance. Figure 15 reveals that
Doppler-Music’ s time complexity remains constant after a period and signifi-
cantly outperforms the other two algorithms, indicating lower time complexity
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than PCA and K-means, saving time and reducing energy consumption while
enabling more precise trajectory tracking.

In summary, the CSI trajectory tracking algorithm based on Doppler-Music
demonstrates clear superiority in both communication overhead and time com-
plexity, offering a new solution for achieving precise trajectory tracking.

4 Conclusion

This paper designs a method for indoor personnel trajectory tracking using CSI
signals, achieving precise tracking of an individual’ s trajectory. Future work
must address multi-person tracking, real-time tracking, and other challenges.
Indoor personnel tracking methods have broad application prospects. Another
important challenge is that the current experimental environment operates at
2.4 GHz; the next step is to migrate the development environment to 5 GHz to
achieve more precise localization performance.
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