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Abstract—In this article, the use of channel state information
(CSI) for indoor positioning is studied. In the considered model,
a server equipped with several antennas sends pilot signals to
users, while each user uses the received pilot signals to estimate
channel states for user positioning. To this end, we formulate
the positioning problem as an optimization problem aiming to
minimize the gap between the estimated positions and the ground
truth positions of users. To solve this problem, we design a complex-
valued neural network (CVNN) model based federated learning
(FL) algorithm. Compared to standard real-valued centralized
machine learning (ML) methods, our proposed algorithm has
two main advantages. First, our proposed algorithm can directly
process complex-valued CSI data without data transformation.
Second, our proposed algorithm is a distributed ML method that
does not require users to send their CSI data to the server. Since
the output of our proposed algorithm is complex-valued which
consists of the real and imaginary parts, we study the use of
the CVNN to implement two learning tasks. First, the proposed
algorithm directly outputs the estimated positions of a user. Here,
the real and imaginary parts of an output neuron represent the 2D
coordinates of the user. Second, the proposed method can output
two CSI features (i.e., line-of-sight/non-line-of-sight transmission
link classification and time of arrival (TOA) prediction) which can
be used in traditional positioning algorithms. Simulation results
demonstrate that our designed CVNN based FL can reduce the
mean positioning error between the estimated position and the
actual position by up to 36%, compared to a RVNN based FL
which requires to transform CSI data into real-valued data.

Index Terms—Indoor positioning, complex-valued CSI, complex-
valued neural network, federated learning.

I. INTRODUCTION

Device positioning plays an important role for many
emergent applications, such as virtual reality, autonomous
vehicles, and shared mobility (e.g., e-scooter rental on Uber)
[1]. In particular, global navigation satellite system (GNSS)
based localization methods particularly global positioning
system (GPS) based methods are widely used for these
emergent applications. However, GNSS based methods may
not be applied for indoor positioning since the signals that
are transmitted from satellites to a target user and used
for positioning have a higher probability of being blocked
by obstacles such as walls, furniture, and human bodies
compared to the use of GNSS based methods for outdoor
positioning [2]. To address this challenge, radio frequency
(i.e., WiFi and visible light) based indoor positioning methods
is a promising technology due to their ability to capture
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signal variances in complex indoor environment [3], [4].
However, the use of radio frequency for indoor positioning
still faces several challenges. First, the accuracy of radio
frequency based methods depend on line-of-sight (LOS) pilot
signal transmission. Non-line-of-sight (NLOS) pilot signal
transmission may have high attenuation and signal scattering
thus reducing positioning accuracy. Second, radio frequency
based positioning may suffer from interference caused by
devices that use the same frequency for data transformation
[5]. To overcome these challenges, one can study the use of
fingerprinting-based positioning methods, [6]-[21] to estimate
positions of a user.

Recently, a number of existing works [6]-[13] have studied
the use of radio frequency and machine learning (ML)
tools [22] for indoor positioning. In particular, the authors
in [6] introduced a k-nearest neighbor based positioning
method which uses the magnitude component of channel state
information (CSI) to estimate the position of a user. In [7],
the authors developed a Bolzmann machine based positioning
scheme that uses CSI signal amplitudes to estimate the
position of a user. The authors in [8] designed a convolutional
neural network (CNN) based positioning method that uses CSI
signals in polar domain to estimate the position of a user. In
[9], the authors proposed a CNN based positioning method
and considered CSI amplitudes from three antennas as an
image. In [10], the authors trained different neural network
models by real-valued CSI features which are extracted from
the CSI data obtained by different access points, to estimate
a probability distribution of the user at given locations as
the output. In [11], the authors designed a Siamese neural
network based framework for supervised, semisupervised
positioning as well as unsupervised channel charting. In [12],
the author introduced a method that uses an unsupervised
deep autoencoder based model to extract CSI features from
CSI data, and uses the extracted features to estimate the
position of the user. In [13], the authors presented an outdoor
positioning method which first clusters CSI and received
signal strength indicator (RSSI) samples into a group using a
K nearest neighbors algorithm, and then estimate the position
of the user using a deep neural network trained by the samples
in the same group. However, most of these existing works
[6]-[13] need to transform complex-valued CSI data into
real-valued data so as to feed into real-valued ML models by:
1) separating the real and imaginary part, 2) using the power of
the real and imaginary parts, 3) converting the complex-valued
CSI into polar domain values. These transformation methods
may lose the features in original complex-valued CSI data thus
decreasing accuracy of the positioning algorithms. Moreover,
all these works [6]-[13] require users to send their collected



CSI data to a server, which may not be practical since not all
users are willing to share their personal data due to privacy
and security issues.

To avoid users transmitting original CSI data for user
positioning, a number of existing works [14]-[21] have

studied the use of federated learning (FL) for user localization.

In particular, the authors in [14] designed an FL based
fingerprinting method which uses received signal strength
indicator (RSSI) data to train a neural network model that
consists of an autoencoder and a deep neural network for user
positioning. In [15], the authors introduced a convolutional
neural network (CNN) based FL which uses received signal
strength (RSS) data to solve the problem of building-floor
classification and latitude-longitude regression in indoor
localization. In [16], the authors designed a personalized FL
which trains a reinforcement learning model at each user
device using RSS data for indoor positioning. In [17], the
authors designed a federated attentive message passing method
which trains a personalized local model for each user via its
non-independent and identically distributed (non-IID) RSS
data to estimate its position. In [18], the authors designed a
hierarchical multilayer perceptron (MLP) based FL positioning
algorithm which uses the RSSI as input and outputs the
estimation of the building, the floor, and the 2D location
where the user is located. In [19], the authors proposed a
FL based CSI fingerprinting method, which trains two local
CNNs of each access point to extract features separately from
the amplitude and the phase difference of the CSI, and uses
a global fully connected estimator to estimate the location
of the user. In [20], the authors introduced a FL framework
for indoor positioning, which uses CSI amplitude as input,
and the posterior probability of the user at each reference
position as the output. In [21], the authors designed a MLP
based FL algorithm which uses RSS fingerprints as input to
estimate the coordinate of the user. However, all methods
in [14]-[21] are real-valued ML algorithms which need to
be trained by real-valued data. Hence, the methods in [19],
[20] may not be able to extract all features from the original
complex-valued CSI data. To this end, it is necessary to design
a complex-valued neural network (CVNN) based FL which
process complex-valued CSI without data transformation.
However, designing CVNN based FL faces several unique
challenges. First, when training a CVNN, we need to calculate
the complex-valued gradients and update complex-valued
weights. Hence, it is necessary to design novel methods
to calculate gradients and update complex-valued weights
[23]. Second, real-valued activation functions designed for
real-valued neural networks (RVNNSs) cannot be directly used
for CVNNs due to the conflict between the boundedness
and the analyticity of complex functions. Hence, a proper
activation function in the complex plane must be designed
for CVNNs [24]. Third, since the output of a CVNN is
complex-valued, one can output two values (i.e., real and
imaginary values). Therefore, it is necessary to design the
output of the CVNN so as to obtain better user positioning
performance.

The main contribution of this work is to design a novel
indoor positioning framework that uses complex-valued CSI
data to estimate the position of users. Our key contributions
include:

¢ We consider an indoor positioning system where the server
equipped with several antennas sends pilot signals to
users. Each user receives pilot signals to estimate the
channel states. The estimated CSI is used to predict the
position of the user. The goal of our designed system
is to train a ML model which uses a set of CSI data to
predict the position of users. To this end, we formulate
an optimization problem aiming to minimize the mean
square error between predicted positions and ground truth
positions of users.

o To solve the formulated problem, we proposed a novel
CVNN model based FL algorithm. Compared to traditional
real-valued centralized ML methods [6]-[13], our designed
method has two key advantages. First, our designed
method is a distributed ML method which enables the
users to train their CVNN models without local CSI data
and position information sharing. Second, an FL. model
at each device is a CVNN which can process original
complex-valued CSI data without any data transformation.
Hence, compared to RVNN based positioning methods
which must transform complex-valued CSI data into real-
valued data, our proposed algorithm can extract more CSI
features thus improving positioning accuracy. Furthermore,
to reduce the communication overhead of FL model
parameter transmission, we design a novel FL parameter
model transmission scheme which enables each device to
transmit only real or imaginary parts of the FL. models to
the server.

o We propose to use our designed CVNN model based
FL algorithm for two use cases: 1) the output of our
designed algorithm is the estimated position of the user.
Here, the real and imaginary parts of the output neuron
separately represents the x-coordinate and y-coordinate of
the user; 2) the output of our designed algorithm extracts
two CSI features such as time of arrival (TOA) and
LOS/NLOS transmission link classification that can be
used for traditional positioning algorithms. Here, the real
and imaginary parts of the output neuron can represent
two CSI features. This is a major differences between
CVNN and RVNN since one real-valued neuron in a
RVNN model can represent only one CSI feature.

e We derive a closed-form expression for the expected
convergence rate of our designed CVNN based FL
algorithm and build an explicit relationship between
the probability of each user transmitting the real or
imaginary part of the model parameters to the server and
the performance of the FL algorithm.

Simulation results show that our proposed CVNN based
FL positioning method can reduce the mean positioning error
between the estimated position and the actual position by
up to 36% compared to a RVNN model based positioning
algorithm.
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Fig. 1. The considered indoor positioning system.

The remainder of this paper is organized as follows. The
system model and problem formulation are introduced in
Section II. The design of the CVNN based FL. model will
be introduced in Section III. The expected convergence rate

of our designed CVNN based FL is studied in Section IV,
simulation results are presented and discussed in Section V.

Finally, conclusions are drawn in Section VI.

II. SYSTEM MODEL AND PROBLEM FORMULATION

Consider a positioning system in which a server uses CSI

to estimate positions of a set ¢/ of U users, as shown in Fig.

1. The server equipped with C antennas sends pilot signals to
users over L subcarriers. Each user receives pilot signals to
estimate the channel states. By using the estimated CSI, the

position of the user can be predicted. In the considered scenario,

several obstacles exist and hence may block the transmission
of pilot signals between the users and the server. Hence, the

transmission link between a user and the server may be NLOS.

Next, we first introduce the process of CSI collection. Then, we
introduce our considered positioning problem. Table I provides
a summary of the notations used hereinafter.

A. CSI Data Collection

We assume that the server and the user communicate on a
narrowband flat-fading channel. Let & € C*! be the symbol
vector transmitted from the server to a user. Then, the signal
received by a user is

y=HPx+n, @))

where P = [py, ..., pr] is the beamforming matrix with p; €
CC*! being the beamforming vector at subcarrier [, n € CL*1
is the additive white Gaussian noise, and H € CL*C is the
CSI matrix of the transmission link between the server and
the user over all subcarriers. The CSI matrix H received by a
user over L subcarriers is

H = [h17h2a"'ahL]Ta (2)

where h; € C¢*1 is the channel vector at subcarrier [ over C
antennas [25].

B. Problem Formulation

Given the defined model, next, we introduce our positioning
problem. Our goal is to design a ML algorithm which uses
the collected CSI to estimate the position of a set of users. We
assume that user v has a local dataset D,, that consists of |D,|
data samples. Each data sample % of user u consists of CSI
matrix H, j and the user’s position p,, , = [@y,k, bu k), Where
Ay ks by i are the coordinates of user u. Let f (w,, H, ) be
the position estimated by the ML algorithm, where w,, is the
ML model parameters of user u. Then, the positioning problem
can be formulated as an optimization problem whose goal is
to minimize the gap between actual positions and estimated
positions of U users, which can be expressed as

U |Dul

> If(wa,

wUZ—1‘D|u 1k=1

To solve problem (3), several methods such as in [6]-[21] have
already been proposed. However, these methods have two key
limitations. First, these methods are designed based on RVNNs
and hence these methods need to first transform the complex-
valued CSI data to real-valued CSI data, by: 1) separating the
real part and the imaginary part of the complex-valued data,
2) using absolute values of the complex-valued data, or 3)
converting the complex-valued data into polar domain values.
However, the transformation of complex-valued CSI data to real-
valued CSI data may lose some features of the original complex-
valued CSI data thus decreasing the prediction accuracy of ML
models. To solve this problem, we proposed a novel CVNN,
which can directly use the original complex-valued CSI data
as the input of the model without the transformation of data
from complex-valued to real-valued. Second, most of current
positioning methods [6]-[13] require the users to transmit their
CSI data and the corresponding ground truth positions to the
server for ML model training, which may not be practical
since most of the users may not want to share their position
information with the server due to privacy and security concerns.
To address this issue, we propose to combine the designed
CVNN model with FL which enables the server and a set of
users to learn a common CVNN model cooperatively without
requiring users to transmit their collected CSI data and positions
to the server.

2
Ho k) = Puilly-

III. PROPOSED COMPLEX-VALUED NEURAL NETWORK
BASED FL

In this section, we introduce the proposed CVNN based FL
algorithm for solving problem (3). Compared to traditional
real-valued centralized ML methods [6]-[13], our proposed
method has two key advantages. First, our proposed method
can directly process complex-valued CSI data without any
data transformation from complex values to real values thus
extracting more CSI features from CSI data and improving
position prediction accuracy. Second, our designed positioning
method is a distributed method which does not require users
to transmit CSI information to the server during the model
training process. Next, we first introduce the components of
the proposed local FL model of each user. Then, we explain
the training process of the designed algorithm.



TABLE I
L1ST OF NOTATIONS
Notation Description Notation Description
C Number of antennas equipped on the server U Number of users
Wy ML model parameters of user u u Set of users
YLy Output of convolutional layer I and II L Number of subcarriers
wi wi Convolutional kernels of convolutional layers I and II H The CSI matrix

b, bl Bias vectors of convolutional layers I and II h; Column or row j of H
S1 x S Kernel size of convolutional layer I H Normalized H
So X So Kernel size of convolutional layer II Dy, Local dataset of user u

or Number of the output channel of convolutional layer I (H w,ks Py, k) Data sample k in D,,

ol Number of the output channel of convolutional layer II 71,7H Outputs of pooling layers
ST ST Stride size of pooling layer I and II ym Output of the flatten layer
pt pm Size of the pooling window of pooling layer I and II y,y" Outputs of fully connected layers

W W7 Weight matrices of fully connected layers b Output of the CVNN model
v, 0" Bias vectors of fully connected layers g Global FL model
NT NT Number of neurons of fully connected layers T Number of FL training iterations
w Weight matrix of the CVNN output layer b Bias of the CVNN output layer
w All parameters of the CVNN model Wi Local FL model of user u
. A variable indicates whether user u transmits L .
T4 5t T Number of FL training iterations
the real part of W, to the server
f A variable indicates whether user w transmits Bt The training batch of
M the imaginary part of Wi to the server w user u at iteration ¢

A. Components of the Local FL Model

Here, we introduce the components of the designed CVNN
based local FL model, which consists of the following compo-
nents: a) input layer, b) convolutional layer I, ¢) pooling layer
I, d) convolutional layer II, e) pooling layer II, f) flatten layer,
g) fully connected layer I, h) fully connected layer II, and 1)

output layer. These components are specified as follows:
« Input layer: To estimate the position of the user, the input

of the designed CVNN based FL model at each device is
the complex-valued CSI matrix H. For each CSI sample,
the normalization of complex-valued CSI matrix H is

; R (hy) 3 (hy)

hi = ol s (B @

where h; is column or row j of H, fzj is the corre-
sponding column or row j of the normalized CSI matrix
H, 9% (h;) is the real part of hj, and J (h;) is the
imaginary part of h;. If h; is column j of H, we
use (4) to normalize the CSI matrix over each antenna.
Otherwise, the normalization of the CSI sample H is over
each CSI feature. The use of antenna normalization or
feature normalization depends on the specific dataset. The
normalization method in (4) is different from common
normalization methods used in RVNNs since they cannot
process complex numbers.
Convolutional layer I: We first use a 2D convolutional
layer to extract CSI features. The relationship between
the input H and the output Y € CO'*C' <L of this layer
is

Y! =4, (b§ W H) , (5)

where O! is the number of the output channel, YE S
CO'*L" is matrix i of the 3D matrix Y with C! being
the height of each matrix i and L! being the width, WLO €
C%1*51 is a weight parameters matrix of the convolutional
kernel W' € COX1xS1xS1 with S; x ) being the size

of the convolutional kernel, b,Ii is component ¢ of the
bias vector b' € CO'*1, and ¢, (z) is a complex-valued
activation function with respect to a complex number z.
The activation function ¢ (z) is a variation of the ReLU
function, which is defined as:

@1 (2) = max (0,8 (z)) + imax (0,T(2)). (6)

From (6), we see that ¢ (z) is a complex-valued ReLU
activation function that separately processes the real and
imaginary part of complex number z. Here, we can also
consider other types of complex-valued ReLU activation
functions such as modReLU which is defined as

z
p( =] PATOR Tl ™

0 otherwise.

where |z| is the absolute value (or modulus or magnitude)
of the complex number z, and ¢ € R is a learnable
parameter.

Pooling layer I: Pooling layers are used to reduce the size
of the output of the previous convolutional layer. Here,
we use an average pooling method to process the output
of convolutional layer I. The size of the pooling window
is P!, and the size of the stride is S'.

Convolutional layer II: The input of convolutional layer
Lis Y € CO*C'%T" which is the output of the pooling
layer I. The output Y™ € CO"*C"XL" of this layer can
be obtained via (5), with O being the number of the
output channel. The parameters of this layer include the
convolutional kernel W € CO"x0'xS2x52 with S, x S,
being the size of a convolutional kernel, and the bias
vector b'’.

Pooling layer II: The input of pooling layer II is Y
which is the output of convolutional layer II. The output
of this layer is Y € CO"XC"XT" The size of the pooling
window is PY, and the size of the stride is S™.



o Flatten layer: The flatten layer is used to convert the
output Y of the pooling layer II to a row vector y'! €
c1xo"c"T!

o Fully connected layer I: Fully connected layers are used
to learn the relationships among the features extracted by
convolutional layers. Given input y', the output is

Y=o (y'W V), ®)
where W' € (CO"C”ZHXN "is the weight matrix, with NV I
being the nIumber of neurons in fully connected Ilayer I,
y' € CY*N s the output vector, and b e C*N s the
bias vector.

o Fully connected layer II: The input of fully connected

layer IT is y’ which is the output of fully connected layer 1.

We assume that the number of neurons in this layer is N,
and the parameters of this layer are W and b”. Then
the relationship between y’ and the output of this layer
y"" can be expressed using (8).

o Output layer: The output of our designed model is

©))

where w € CN"*1 is the weight vector, and b € C is a
bias parameter. The output of our designed model 3 is a
complex number which consists of the real part and the
imaginary part. Thus, in our proposed positioning system,
we consider using different parts of the complex-valued
output to work on different learning tasks. To introduce the
use of the output ¢ in our proposed positioning method,
we first rewrite the output ¢ as

g=y"w+b,

§ = a+ib, (10)
where @ € R is the real part of g, and b € R is the
imaginary part of §. Given (10), we introduce two use

cases of our proposed positioning method:

I. The designed model can directly output the coordinates
of the estimated position of the user. Therefore, output
9 is a estimated position of the user. To this end, a,b
are the coordinates of the estimated user position.

II. The designed algorithm can be used to extract CSI
features. These CSI features can be used in traditional
positioning algorithms, such as a TOA positioning
method [26]. Here, @& € {0,1} is used to identify
whether transmission link is LOS. In particular, @ = 1
represents that the transmission link is LOS while ¢ = 0
represents that the transmission link is NLOS. b is the
estimated TOA of the signal. In this use case, a and
b are used in different learning tasks. Therefore, one
can use the designed algorithm to perform two learning
tasks. This is one of the key advantages of our designed
algorithm since traditional RVNN based methods can
only perform one learning task.

B. Training Procedure of Federated Learning Algorithm

Given the local FL. model of each device in Section III-A,
we next introduce the method of training our designed FL
algorithm. First, we introduce the local loss functions used to

Input Conv2D+Pooling  Flatten FC Output

~ Q:X axis

CSI Matrix H

Fig. 2. The CVNN model structure of use case I and use case II.

evaluate the performance of the local FL models over two use
cases: . user position estimation, II. LOS/NLOS transmission
link classification and signal TOA estimation. Then, we
explain the training process of our designed FL algorithm.

1) Loss Function for Use Case I: In use case I, the real and
the imaginary part of the output of our designed model are
coordinates of the estimated user position. Here, we can use
one loss function to measure the training loss of the real part
and the imaginary part. Since user u has |D,| data samples,
we assume that the output of the local FL model of user u
is ¢ € C/P«IX1 Then, the total loss function of the local FL
model of each user u for case I is given by

J (W, Dy, a,b) = ol (4,a) + (1 — a) £, (B,b) . (1D

where o € (0,1) is a weight parameter that determines the
importance of the training loss at real and imaginary parts, W is
the parameters of our designed model including all the weights
and bias defined in (5), (8), and (9), a,b € RIP=/*1 are the
vectors of the user’s ground truth positions (i.e., P = [a, b)),
and d,l; € RIP«Ix1 are vectors of the real and the imaginary
part of ¥ (i.e., Yy = a+1ib), and L4 (@, a) is the mean squared
error (MSE) loss function that measures the difference between
the predicted result a and the ground truth result a. MSE is
defined as
|Du|

1
L1(a.0) = D (@ —a)?, (12)
“hi=1

where a; is element ¢ of a, and q; is element i of a.

2) Loss Function for Use Case II: In use case II, the output
of our designed algorithm is two CSI features. In our proposed
scheme, the real part a is LOS/NLOS classification results and
the imaginary part b is the predictions of the signal TOA. Since
LOS/NLOS classification is a binary classification task and
signal TOA prediction is a regression task, we use different
types of loss functions to measure the training loss of the
real and the imaginary part. In particular, we use binary cross
entropy loss function to measure the LOS/NLOS classification
accuracy, and use MSE to measure signal TOA prediction
accuracy. Then, the total loss of our designed model used for
case II is

J (W, Dy,a,b) = BLs (a,a) + (1 — B) L3 (i), b) . (13)

where 8 € (0, 1) is a weight parameter to adjust the importance
of the loss at real and imaginary parts, a is a vector of the



LOS/NLOS link labels, b is the vector of ground truth TOA of
the signal, and £ (@, @) is the binary cross entropy with respect
to the LOS/NLOS classification result @ and the LOS/NLOS
label a. The binary cross entropy loss function is defined as

(14)
where ¢ () is the sigmoid function. From (13), we see that
the CVNN model can process two different types of learning
tasks simultaneously. Therefore, compared to RVNNs that can
process only one learning task per training, a CVNN model
can use less neurons to implement more learning tasks thus
reducing ML model training complexity and saving ML model
training time.

3) Training Process: Given the defined loss functions, next,
we introduce the training process of our designed FL algorithm
so as to find the optimal model to solve problem (3). The
designed FL training process consists of two steps. In the first
step, the users will use their local datasets to update their
local FL models. Then, the devices will transmit their local FL
model parameters to the server which aggregates the received
local FL model parameters to generate a global model g. Then,
the global model g will be transmitted back to all users so that
the users can update their local FL. models continuously. Next,
we introduce the local model update and global FL. model
update seperately.

« Local Model Update: First, we introduce the process of

updating the local FL model W;
We use a back-propagation algorithm with a mini-batch
stochastic gradient descent (SGD) approach to update the
local FL. model W, of each user « [27]. The update of
W, at iteration t is:

t4+1

. aJ (g,,B.
Wu :gtih(nvt)ﬂ

og;

where B!, C D,, is a batch of data samples of user u at
iteration ¢, h (n,t) is the function of learning rate that
is determined by the base learning rate 7 and iteration
t, and g; is the conjugate of g,. From (15), we can see
that the direction of gradient descent for a CVNN model
is the derivative with respect to g; instead of g,. Here,
for each user w at each iteration t, its local model can be
updated more than once [28].

« Global Model Update: Next, we introduce the process of
the global FL. model update at the server. In our designed
CVNN based FL method, we assume that each user may
not transmit the entire complex-valued weight parameters
to the server. In particular, we assume that each user can
transmit real part or imaginary part of CVNN model to
the server. Let % (W,,) and 3 (W,,) be the real and
imaginary part of the CVNN model. Then, the process of
the server aggregating the received local FL parameters of
all the participating users into a global FL. model is [29]:

Siari® (W) Sl mi3 (W)
oy IBLI, oy |BLImt,

15)

9: = , (16)

~p] 2o ¢log (3 (a)+(1—a)log (1 -3 (a)),

of user w at iteration ¢.

Algorithm 1 The Training Process of the CVNN-based FL Algorithm

Input: local data%et of all U users D1, ..., Dy;
Init: Wl, . WU,
fort=1— 1T do
Local model update at each device:
foru=1— U do
User u uses be C D, to train the local FL model and obtain
the prediction ¢ ;
if ¢t = 1 then
User u calculates the loss J Wi, B}L) based on (11) for

case I or (13) for case II;
else
User u calculates the loss J (gt_17 BfL) based on (11) for
case I or (13) for case II;
end if .
User v updates W, based on (15)
end for
Global model update at the server:
The server updates g, based on (16)
end for

where 7!, € {0,1} is used to indicate whether user u

transmits the real part of WZ to the server, and m!, €
{0,1} is used to indicate whether user w transmits the
imaginary part of WZ to the server. More specifically,
rt =1 implies that user u will transmit the real part of
the local FL. model Wt to the server at FL iteration ¢ and
= 0 otherwise. Similarly, m; =1 1mplies that user u
w1ll transmit the i 1mag1nary part of W
FL iteration ¢ and m!, = 0 otherwise.

to the server at

The entire training process is described in Algorlthm 1. We
first initialize the local FL. model parameters W for each user
u. Then, we perform the FL tralmng At the ﬁrst iteration (i.e.,
t = 1), each user u uses W to update its local FLL model.
Otherwise, each user uses the global FL model g, received
from the server to update its local FL. model. After 7' training
iterations, we can obtain a common FL model g.

IV. CONVERGENCE ANALYSIS

Next, we analyze the convergence and implementation of
our proposed CVNN based FL.

A. Convergence Analysis of the Designed CVNN based FL

We assume that Ju %}t, Bt) is the loss of user u at iteration
t, and J(g,) = w1 Ju (g4, BL) is the total loss of the
FL algorithm at 1terat10n t, with N = Z _, |BL|. Given (15)

and (16), the global FL model at iteration ¢ + 1 is updated by

t) (VJ (gt) - O) )
U rtR(V (g,
vJ(g,) u_i[:j_l \(Bt |rt(g )
U = u u
j 2 ‘1;” T(Y‘J (g’)). To analyze the convergence of the

demgned FL, we first make the following assumptions, as
done in [30], [31].

9ir1=9:—h(n, (17

where o =

Assumption 1. We assume that the total loss function J (g)
and the gradient V.J (g) of J (g) are complex-differentiable.



Assumption 2. We assume that the gradient V.J (g) of the
total loss J (g) is uniformly Lipschitz continuous with respect
to the global FL. model g. Then, we have

||VJ (gt-',-l) - VJ(gt)H < ZHgt-s-l - gt”»

where Z is a positive constant.

(18)

Assumption 3. We assume that J (g) is strongly convex with
respect to a positive constant y. Then, we have

J(9e41) = (90) + (G411 — gt)TVJ(gt) +

Ellgeis =gl 19)
Assumption 4. We assume that

1% (VT (g0 Hues i) )P < G+ IV (97, 20)

13 (VJu (g6 Huges Pui)) I < G+ IV (g% @D

with H, ,p, ; being the components of the data sample k
in B}, and (1,(2 > 0.

Given these assumptions, the convergence of our designed
FL is analyzed in the following theorem.

Theorem 1. Given the transmission indicators 7 and m/!, the
optimal global FL model g, and the learning rate & (1, t) = £,
the upper bound of E (J(g,,,) — J(g)) can given by

E (J(gt+1) - J(g))

< 4B () - T+ (T4 ) B

ZN'’

(22)

where A = 1 — £ 4 228 43 E = 2N —

E (S0, BLlr, + 0, BLIm, ) with E (S (8Lt
being the expected total training samples of the users that
send % (W, ) to the server, and E (25:1 |BZ|mz> being
the expected total training samples of the users that send
J (Wi) to the server.

Proof. See Appendix A. O

In Theorem 1, g, is the global FL. model that is generated
based on the real and imaginary parts of FL. models transmitted
by the users at iteration t+1. From Theorem 1, we can see that a

gap, (1_At ZE exists between (J(ng)) and E (J(g)).

1-A ) ZN
The gap is caused by the policy of real part and imaginary
part of FL. model transmission. When the number of users that
transmit real or imaginary part of FL. models increases, the
value of A decreases, and thus the gap (11:‘2: 25115 decreases
and the convergence speed of FL increases. Based on Theorem
1, we can next derive the convergence rate of our designed
FL algorithm when all users send their complete local FL
models (i.e., both real and imaginary parts) to the server at all
iterations.

Lemma 1. Given the optimal FL. model g, the learning rate
h(n,t) = %, and rl, = m! = 1 for each user u, the upper
bound of E (J(g,,,) — J(g)) is given by

7]

E(J(gi1) ~ 7@) < (1- 2) E((g) - @) @3

Proof. Since all users send their complex-valued lo-
cal FL models to the server at each iteration ¢, we
have E(r!) = 1, E(m) = 1, E = 2N -

U U U
E (XU IBLrt + U [BLlmt, ) = 2N—-2 Y0, |BY] =0,

Since £ =0, A=1- % and 11:‘?; Zéljf = (. Then, we
substitute A = 0 into (22) to obtain (23). This completes the
proof. O

From Proposition 1, we can see that, when all complete
local FL. models are sent to the server, our designed FL. model
will converge to the globally optimal.

B. Implementation and Complexity

Here, we first analyze the implementation of our designed
CVNN based FL algorithm. The implementation of the
designed FL consists of local FL model update and global
FL model update. For local FL. model update, each user u
must collect a local CSI dataset D,,. To update a local FL
model at iteration ¢, each user v must select a batch of data
BZ from the local CSI dataset D,,. Additionally, each user u
must receive the global FL model g, from the server. For
global FLL model update at iteration ¢, the server must first
receive the local FL model of each user u, the indicators r,
and m!, and the size of the training batch |B|.

We next analyze the complexity of our designed algorithm.
The time complexity of a local FL model can be evaluated
by the number of multiplication operations. According to
(5), the time complexity of convolutional layers are re-
spectively O (O'SZCL) and O (OIO“SgCIfI). The time
complexity of pooling layers are respectively O (O'C'LY)
and O (O"C"L"). From (8), the time complexity of fully
connected layer I, fully connected layer II, and the out-
put layer are respectively O (CHZHNI), O (N'N™), and
@) (N H). Thus, the total time complexity of a local FL. model
is [32] O (OISfC’L + OIOHS§CIZI +olc'Lt + otct Lt +
CUT'N' + NINT 4 NT) ~ 0 (0'0"S20'T) .

The space complexity of the model refers to the memory
footprint. Given the introduction of components of our designed
local FL model, for each user u, the space complexity of convo-
lutional layers are respectively O (CC'S?) and O (C'C"S3).
The space complexity of fully connected layer I, fully connected
layers are respectively O (CHIHN I), O (+N'N"), and
O (N'). Thus, the total space complexity of a local FL model
is 0(ccs?+c'eNs2 + CVL'N' + NINT + NH) ~
O (C'C1s?).

V. SIMULATION RESULTS

In this section, we perform extensive simulations to evaluate
the performance of our designed CVNN based FL in two
specific scenarios: 1) the output of our designed algorithm is
the estimated positions of users, 2) the output of our designed
algorithm is two CSI feature which can be used for traditional
positioning methods. We first introduce the CSI dataset used



to train the designed CVNN model. Then, we explain the
parameters of our proposed CVNN model and a RVNN model
based baseline. Finally, we analyze the simulation results of
our designed CVNN model. Note that, in Figs. 3, 5, 7, 8, and
10 we have removed the initial epochs where the loss is very
large so as to clearly show the gap of the loss between our
designed CVNN based method and the baseline RVNN based
method when the considered algorithms converge.

A. Dataset Introduction

1) 5G CSI Dataset: The first CSI dataset we use to
evaluate our designed CVNN based FL algorithm is from
[33]. At each position, 100 CSI data are collected over 4
antennas and 1632 subcarriers. In our simulation, we only
use the CSI data collected by antennas 1 and 2 (i.e., C
= 2). At each antenna, we transfer the CSI data from the
frequency domain to the time domain by the inverse Fourier
transform. For simplicity, we use only the first 250 sampling
intervals and hence L = 250. Thus, in our simulations, we
have 47600 CSI samples in total. We assign 42840 samples
to each user equally such that each user has 3570 data samples.

2) Cellular Ultra Dense CSI Dataset: The CSI dataset in
[34] is used to train our designed CVNN based FL model. The
position of the server and the moving areas of U users.In [34],
the server equipped with 64 antennas collects CSI data using
three different antenna array topologies: 1) a uniform linear
array (ULA) of 1 x 64 antennas, 2) a uniform rectangular array
(URA) of 8 x 8 antennas, and 3) eight distributed ULAs of 1
x 8 antennas. In our simulations, we use the data collected
by the antennas with URA topology. For simplicity, we use
only the CSI data collected by 2 antennas (i.e., C' = 2) and
the position coordinate of the antennas is [—175,0]. Each
CSI signal is collected over 100 sampling intervals and hence
L = 100. Each antenna collects 264001 data samples and each
data sample consists of CSI, position coordinate of the user,
and the label of LOS/NLOS signal transmission link. Since
the time slots of two successive data samples are very close,
we only take one sample from every 10 samples. Hence, in
our simulations, we use 25201 data samples and assign 22680
samples to all users equally such that each user has 1890 data
samples. For different use cases, we use the same CSI matrix
as the input of our designed FL algorithm while the labels
are different. In particular, for use case I, the output is the
user’s position coordinate p. For use case II, the output is the
distance between the user and the server, and LOS/NLOS link
classification result.

B. CVNN Based FL Algorithm Parameter Introduction

The parameters of the designed CVNN based FL Algorithm
are summarized in Table II. The function of learning rate

h(n,t) is
n t < 50,
1
h(nt)=q57 P0<t=T5 (24)

1
Snot> 5.
g =

TABLE II
SYSTEM PARAMETERS
Parameter Value Parameter | Value
T 85 Bl 32
n 1x 107 O! 4
S1 2 PT 5
ST 1 on 8
Sa 2 PT 9
ST 2 NT 64
NT 32
1.2
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Fig. 3. The training loss changes as the number of training iterations varies
for use case I of the 5G CSI dataset.

For comparison purposes, we use a RVNN based local FL
model as the baseline. The baseline model parameters are
similar to the CVNN based local FL. model. We separate the
real part and the imaginary part of each CSI sample of the
dataset into two matrices R (H ) and J (H ). Then, the input of
the RVNN is [R (H),J (H)], and the output is [R (§),T (9)].
We can see that the input layer and the output layer of the
RVNN is double of the CVNN model. Note that, the weight
matrices and bias of the RVNN are all real-valued.

C. Simulation Results of the 5G CSI Dataset

In Fig. 3, we show how the value of the positioning error
defined in (3) changes as the number of training iterations
varies. Fig. 3 shows that as the number of iterations increases,
the mean positioning errors of both considered algorithms
decreases. This is because the models in the considered
algorithms are updated by the CSI data at each iteration. From
Fig. 3, we also see that our designed FL algorithm can achieve
up to 36% gain in terms of mean positioning error compared
to the RVNN baseline. This is due to the fact that the CVNN
model can directly process complex-valued CSI data without
any data transformation thus obtaining more CSI features.

Fig. 4 shows the cumulative distribution function (CDF) of
the positioning error resulting from our designed algorithm and
the RVNN baseline. From Fig. 4 we see that, compare to the
RVNN baseline, our designed algorithm improves the CDF of
up to 33% gains at a positioning error of 0.2 compared to the
RVNN baseline. This is because our designed model does not
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Fig. 5. The training loss changes as the number of training iterations varies
for use case I of the 5G CSI dataset.

need to preprocess complex-valued CSI data, thus it can obtain
more CSI features compared to the RVNN baseline [35].

In Fig. 5, we show how the value of the positioning error
changes as the number of training iterations varies when the CSI

data is transformed into real-valued data via different methods.

Here, we consider the use of four methods to process CSI data:
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Fig. 6. The optimal training loss changes as the number of users varies for
use case I of the 5G CSI dataset.
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Fig. 7. The mean TOA estimation error and the mean accuracy of the
LOS/NLOS classification change as the number of training iterations varies
for use case II of the SG CSI dataset.

1) Using the real part of the CSI (i.e., R (H)) and ignore the
imaginary part of the CSI data, 2) using the imaginary part of
the CSI (i.e., J (H)) and ignore the real part of the CSI data,
3) using the absolute value of the CSI (i.e., | H|), and 4) using
the RVNN baseline that is described in Section V-B. From
Fig. 5, we see that the positions of users can be estimated
even when we use the real or the imaginary part of CSI data
as input. This is because both real and imaginary parts of
CSI data contain positioning information. Fig. 5 also shows
the RVNN baseline can achieve up to 49.35%, 48.55%, and
50.50% gains in terms of the mean positioning error compared
to the RVNNSs trained by the absolute value of the CSI, the
imaginary part of CSI, and the real part of CSI. This is due to
the fact that the RVNN baseline uses both real and imaginary
parts of CSI data for user positioning. However, the RVNN
baseline doubles the size of the input vector of the ML model,
which may significantly increase the training complexity of
the ML model.

In Fig. 6, we show how the value of the positioning error
changes as the number of training iterations varies. From Fig.
6, we see that as U increases, the mean positioning error
decreases. This is because when more users participate in the
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Fig. 9. CDF of the TOA estimation error for use case II of the 5G CSI dataset.

FL training, the total number of training samples used for
training FL. models increases.

Fig. 7 shows the mean TOA estimation error and the mean
accuracy of the LOS/NLOS classification change as the number
of training iterations varies. From Fig. 7, we see that our
designed algorithm can achieve up to 53.28% gain in terms
of the TOA estimation error, and 1.44% gain in terms of the
LOS/NLOS classification accuracy. This is due to the fact
that the CVNN has a better generalization ability to process
complex-valued data compared to the RVNN.

In Fig. 8, we show how the value of the positioning
errors, the value of the TOA estimation error, and the
LOS/NLOS classification accuracy of three users change
as the training iterations varies. These three users are
randomly selected from 6 users. From Fig. 8, we see that
three users have different mean positioning errors. This
is because the local FL model of each user is trained by
its local dataset, and different users have different local datasets.

Fig. 9 shows the CDF of the TOA estimation error resulting

from our designed algorithm and the RVNN baseline. From Fig.

9 we see that, compare to the RVNN baseline, our designed
algorithm improves the CDF of up to 16.14% gains at a
positioning error of 3 compared to the RVNN baseline. This
is because the complex-valued activation function defined in

0.06
——CVNN - x coordinate
CVNN -y coordinate
0.055
—+—RVNN - x coordinate
. ——RVNN -y coordinate
e 0.05
wm
2
E 0.045 <L
3 e
£ 004 ...
c %M“MMH
[
=0.035
0.03
0.025
0 50 100 150 200 250

Number of Epochs

Fig. 10. The value of the positioning error changes as the number of training
iterations varies for use case I of the Cellular Ultra Dense CSI dataset.

(6) can reduce redundant information of the training CSI data
and help the model learn a more sparse representation [36].

D. Simulation Results of the Cellular Ultra Dense CSI Dataset

In Fig. 10, we show how the value of the positioning error
defined in (3) changes as the number of training iterations
varies. Fig. 10 shows that our designed FL algorithm can
achieve up to 1.01% and 5.68% gains in terms of x and y
coordinates mean positioning error compared to the RVNN
baseline. This is because the designed CVNN process complex-
valued CSI directly without separating the complex numbers
into real and imaginary parts. Therefore, the CVNN can better
capture the relationship between the real and imaginary part
of the complex-valued CSI compared to RVNN.

VI. CONCLUSION

In this paper, we have designed a novel indoor multi-user
positioning system. We have formulated this indoor positioning
problem as an optimization problem whose goal is to minimize
the gap between the estimated position and the actual position.
To solve this problem, we have proposed a CVNN-based
FL algorithm that has two key advantages: 1) our proposed
algorithm can directly process complex-valued CSI data
without data transformation, and 2) our proposed algorithm



is a distributed ML method that does not require users to
send their CSI data to the server. Since the output of our
proposed algorithm is complex-valued which consists of the
real and imaginary parts, we can use it to implement two
learning tasks. First, the proposed algorithm directly outputs
the estimated positions users. Here, the real and imaginary
parts of an output neuron represent the 2D coordinates of
the user. Second, the proposed algorithm can output two CSI
features. Simulation results have shown that the proposed
CVNN-based FL algorithm yields significant improvements
in the performance compared to a RVNN baseline which has
to transform the complex-valued CSI data into real-valued data.

APPENDIX
A. Proof of Theorem 1

To prove Theorem 1, we first expand J (gt +1) by using the
second-order Taylor expansion, as follows:

J (Qt+1) =J(g,) + (9t+1 - gt)TVJ(gt)

1
+ 3 (9t+1 - gt)T v (9¢) (9t+1 - gt)

<J (gt) + (gt+1 - gt)T vJ (gt)

Z
+ S llge = gl (25)

where the inequality stems from the fact that V2.J (g,) =
VJ(gt+1)7v‘](gt)
9i419¢
Assumption 2. In (25), since rft and mfb are random variables,
based on the update policy in (16), the global FL. model g,
is a random variable. Thus, the loss J (g,,,) is a random
variable. To this end, we calculate the expectation of J (gt +1)
with respect to 7!, and m!,. Given h (n,t) = % and (17), the

expectation of J (g,,,) with respect to r!, and m!, is

B (Jg:) B |T(0) - 5 (V7 (90~ o) V7 (g

+le
2 72

limg, =y < Z which can be derived from

Y (g) o||2]

2 OT

1
+57E IV (g)]” + [lo]* = 20"V (g,)]

1 1
=E1J (9] - 5197 ) + 5E [lo]],
(26)

where 0 = VJ (gt)_ 25:1 riEK(VJu(gt)) _ 25:1 mij(VJu(gt)) .

i1 IBLITY, > |BL|ml,
To prove the convergence of our proposed method, we need

to prove that the difference between the loss of the model
g, and the loss of the optimal model g, i.e., J(g;) — J(g),
has an upper bound. To this end, we next simplify (26) by
simplifying E &02}. Given o = R (0) + iJ (o), we have

E[llof*] = E[|R(0)l’] +E[|[3(0)[?]. E [|R (0)[]*] can
be rewritten as follows
E [[|% (0)]?]
_ T TR (VI (90) 2
=E|[IR(VJ(g,) SU_|Bejr [ 27)

Since R (VJ (g;)) = & S0_, R(VJ, (g;)), we have
E [|% (o)|]

[ SRV e) S AR (T e)
N Sy 1B,
=E||- (N B 25:1 |er’z) zuERﬁ R(VJu(9:))

N Yooy 1BLIr,
+Zue72§ R(VJu(9:)) ”2]

N
(N = S 1B Sery B (VA (9,))
N B,

uemy RV @), 2 CED oAl
N N2 ¥y 1BLITE

=E | I

+ll

u€RY u€RY
(28)

where R} = {u € U|rl, = 1} is the set of users that
transmit the real parts of their local FL models to the
server at iteration ¢, and Ry = {u € Ulu ¢ Ry} is the

set of users that do not transmit the real parts of their
2(N_EZ=1 |Bi"’"f¢)

local FL models to the server. Since —i ST
0 and <Zue7zt1 R(VJ.(g:)) vZueRg R(VJu(gy)) <
‘<Zueng R(VIu(91), Xuery R (VJu(g,)))|. we have
E [|[%(0)[|]
[ = S B Sery IRV (9217
N3y Bl
2 _\yv t |t

 Suerg IR (VA (@)IF 2(N - X (8

N N2YD,_y |BLIr

<

< Z 9'{(VJu (gt))a Z Sﬁ{(VJu (gt))>

u€RY u€RY
(N = S0 IBLI) S ery 19 (V u (g,
N Yooy 1BLlr,

| Zuers IR (Y <gt>>||] :

=E

N
(29)
Next, we simplify (29) by simplifying ZueRg IR (VI (g:))]]
and 3, c e |9 (VJu (gy))]]. From (20), since R (V] (g,)) =

S R (VI (g4 Hugs Pa ) we have |R (Y, (g,))] <
IBL|\/C + (2] VT (g,)]]2. Hence, we have

U
DRV g < D IBLIFA G+ GIVIT (9],
ueRt u=1

(30)



and

D IRV (g))]

u€RY

U
=S TIBLIF ) VG + GIIVI (g2 3D

Substituting (30) and (31) into (29),
expressed by

E [/’ (0)||?] can be

E 1% (0)|’] 2
< HE(N Z BLrt | (G+ GIVT (g)I2) . (2)
Since N > N — S2Y_ |Bt|rt, > 0, we have
E [||% (0)]’]
< 2 (v- i) @ - crvsmr). @

Similarly, E [||J (0)||?] can be calculated using the same
method that used to calculate E [||%R (0)]|?], as follows:

E [[I3 (0)]?]
U

4

u=1

Based on (33) and (34), E [||o||?] can be expressed by

(G +GIVI(@)IP). 34

U

2 i _ t |t
E[lol’] <5 |2V —E ;\Bulm
U
+E | D IBLIm || G+ GV (90)]) -
u=1

(35)
Substituting (35) into (26), we have

E(J(gt+1))
2:,E 1 ()
ZN _22( a
(36)

<E(J(g:) +
where £ = 2N — E (XU, BLrt + U, |B;|mg). To
show that J(g,) — J(g) has an upper bound, we subtract
E (J(g)) in both sides of (36), as follows:

4G E
N

) 197 (g,)]%

E (J(gun) - @) <E(J(g,) - J(@)) + L
L (1 _ 4<NE) IV (a0

(37

Then, we simplify (37) by simplifing ||V.J (g,)||?. From (19),
we have [37]

IV T (g)|I> > 20 (J(g,) — J(9))- (38)
Substituting (38) into (37), we have
201 F
E (J(g,11) — J(@) < AE(J(g,) — J(@) + 22, (39)

ZN'’

where A =1— 5 + 4“42E . Apply (39) recursively, we have
E (‘](gt—H) - J(g))
2
< A'E(J(g,) - Z e
1 — A\ 2G,E
At — I(a
~ A'E(J(g,) @) + ( 1 A) GE o)

This completes the proof.
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