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Abstract—WiFi-based indoor localization, supported by com-
prehensive infrastructure, is considered a highly promising so-
lution. However, practical applications of existing WiFi-based
methods often struggle due to dynamic antenna configurations
and potential influence from obstacles, which can undermine the
reliability of channel state information and frustrate localization.
Even worse, environmental changes may lead to a domain shift,
further degrading localization accuracy and system robustness.
To address these problems, this paper introduces GraphFi, a
novel system that leverages graph neural networks (GNNs) to
deliver accurate and robust localization using nearby access
points (APs). GraphFi designs two types of graph structures:
intra-AP graph and inter-AP graph, to maximize the use of
information from all available APs. They aggregate the local
features among antennas within each AP and global features
across APs, effectively addressing the problem of dynamic
antenna configurations. Two specialized GNNs are utilized to
derive accurate user locations from these graphs. Additionally, we
introduce an anomaly detection method to identify and exclude
obstacle-affected APs. This method also employs a tailored GNN
to mitigate influence from unpredictable obstacles. Furthermore,
we integrate an unsupervised domain adaptation mechanism
based on a gradient reversal layer into GNNs. This helps maintain
localization performance in a cost-efficient manner and ensures
sustained effectiveness in a cross-domain setting. We prototype
GraphFi using commodity WiFi devices and conduct extensive
experiments in various scenarios. The results demonstrate that
GraphFi achieves average localization errors of (0.17m in a single-
domain setting and 0.2851m in a cross-domain setting, surpassing
existing solutions in both precision and robustness.

Index Terms—WiFi, Localization, Graph Neural Networks

I. INTRODUCTION

Accurate and robust localization has been pursued for
decades, particularly in indoor environments (e.g., airports
and shopping malls) where GPS signals are weak and even
unavailable [1]. Towards this goal, various technologies have
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been explored by prior works, including WiFi [2]-[4], ultra-
wideband [5], millimeter-wave [6], and ultrasonic [7]. Among
these technologies, active WiFi-based localization offers a
promising solution for large-scale public indoor environments
due to the wide deployment of WiFi access points (APs) and
the ubiquity of portable WiFi devices, such as smartphones and
smartwatches. The signal sent by the WiFi transmitter arrives
at the receiver after undergoing a strong line-of-sight (LoS)
path and some weak non-line-of-sight paths. By extracting
essential information from the LoS path, existing studies [8]-
[10] have successfully utilized WiFi signals for sensing. As
a subfield of WiFi sensing, research on WiFi-based indoor
localization [11]-[14] has demonstrated the feasibility of using
WiFi channel state information (CSI) for accurate localization
in certain scenarios. Additionally, accuracy can be further
enhanced by utilizing larger bandwidth [12] or incorporating
CSI measurements from packets across all nearby APs [15].
Unfortunately, even with the aid of large bandwidth and
multiple APs, the existing WiFi-based localization approaches,
whether modeling-based [11], [15] or learning-based [16],
[17], are still far from practicality since they rely on idealized
assumptions, such as “rigid” transmitter/receiver configura-
tion and “clean” environment. On the one hand, existing
WiFi devices are designed primarily for communication, and
their configurations of transmit and receive antennas can vary
based on communication needs. Specifically, a varying subset
of transmit antennas may be used for communication [18]-
[20]. This variability leads to changes in the dimensionality
of the CSI at the receiver, which conflicts with the fixed-
dimensionality requirements of most learning-based meth-
ods [14], [21]-[23]. Moreover, in communication contexts,
the indices of receive antennas may not be visible to the
user and may change randomly [24]-[26]. This is problematic
for modeling-based algorithms, which depend on phase differ-
ences between the received signals of adjacent antennas [27].
On the other hand, active localization depends on a stable
LoS path. However, in real-world scenarios, we cannot always
ensure the continuous presence of such a path between the
WiFi AP and receiver all the time. Especially, in dynamic
environments, such as airports and shopping malls, obstacles
like passing pedestrians can obstruct the LoS path, resulting
in obstacle-affected CSI and poor localization performance.
In this paper, we introduce GraphFi to address these
problems by leveraging graph neural networks (GNNs) for
localization. As illustrated in Figure 1, GraphFi measures the
CSI by sniffing the packets transmitted by all nearby APs.
Then, the collected CSI is structured into graphs and fed
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Fig. 1. GraphFi realizes accurate and robust localization by fully utilizing
CSI measured from multiple APs’ packets with GNNs.

into GNNs provided by the facility provider to estimate the
location. Thanks to the inherent scalability and permutation
invariance [28] of GNNs, GraphFi remains robust against the
dynamic antenna configurations.

To implement GraphFi in practical scenarios, we address
the following questions: 1) How to make full use of the
information provided by all available APs to achieve
accurate localization? To leverage GNN for localization,
we need to structure CSI measurements as graphs. To this
end, traditional approaches [29], [30] treat each AP as a
node to construct a graph. But this would overlook the local
features among antennas within each AP and simplify the
features of the APs. To overcome this limitation, we propose
two types of graphs: intra-AP graph and inter-AP graph.
Each graph is paired with a customized GNN. The former
aggregates local features among antennas within each AP,
while the latter globally combines these features from all
APs to provide accurate location estimates. 2) How to avoid
influence from the potential obstacles? As aforementioned,
the unpredictable obstacles like pedestrian in the environment
could block the LoS path between APs and users, leading
to low-quality CSI measurements and degraded localization
performance. To deal with this problem, we come up with
an anomaly detection method to filter out obstacle-affected
CSI prior to location estimation. Specifically, we notice that
the CSI with and without obstacles blocking the LoS path
exhibit distinct distributions [31]. Therefore, we design an
anomaly detection GNN to learn the distribution without
obstacles. CSI that falls outside this learned distribution is
flagged as obstacle-affected and excluded. This ensures that
only the features unaffected by obstacles are used for location
inference, significantly enhancing the robustness of GraphFi.
3) How to maintain performance cost-efficiently when the
environment changes? When deploying a localization system
in practice, the layout of objects in the environment may
change over time. This leads to changes in the feature distri-
butions of the CSI, which is referred to as domain shift [32],
[33], ultimately resulting in a degradation of the localization
system’s performance. However, frequently re-collecting large
amounts of CSI and annotating location labels would incur
high system maintenance costs. To address this issue, we
integrate a gradient reversal layer (GRL)-based unsupervised
domain adaptation (UDA) mechanism into GNNs. During the
process of aligning feature distributions, the GRL-based UDA

helps GNNs capture domain-invariant features through ad-
versarial training, leveraging previously collected labeled CSI
(i.e., source domain data) and a small amount of re-collected
unlabeled CSI (i.e., target domain data). This significantly
reduces the cost of data re-collection and annotation.

We build a prototype of GraphFi with commodity WiFi
devices and conduct real-world experiments to evaluate its
performance. The results show that GraphFi achieves average
localization errors (LEs) of 0.17 m in a single-domain setting
and 0.2851 m in a cross-domain setting, maintaining high
accuracy despite dynamic antenna configurations and obstacle
influence. Comparisons with several existing solutions high-
light GraphFi’s superiority in both precision and robustness.
In summary, this paper makes the following contributions:

« We propose GraphFi to achieve robust indoor WiFi lo-
calization with multiple APs, overcoming the unrealistic
assumptions of a “clean” environment and a “rigid” trans-
mitter/receiver configuration found in previous works.

o We design two types of graphs, intra-AP and inter-AP
graphs, to address dynamic antenna/AP configurations
and fully utilize the relative location information of APs.

¢ We develop an anomaly detection method to identify
obstacle-affected APs and filter out low-quality CSI,
significantly enhancing the robustness of localization.

e We introduce a GRL-based UDA method to maintain
performance in a cost-efficient manner, ensuring the
sustainability of the system in the cross-domain setting.

« We implement a prototype of GraphFi using commodity
WiFi devices, and extensive experiments confirm that
GraphFi can achieve accurate and robust localization in
practical scenarios.

The rest of the paper is organized as follows. Section II pro-
vides a brief overview of related works. Section III introduces
the background for relevant technologies and motivations for
using GNNs to enhance localization robustness. Section IV
provides an overview of the proposed GraphFi. Section V and
Section VI detail the design of specialized graphs and corre-
sponding ternary GNNss, respectively. Section VII outlines the
implementation of GraphFi and reports its performance. The
whole paper is concluded in Section VIII.

II. RELATED WORK

This work is related to WiFi indoor localization techniques,
including modeling-based and learning-based methods.

Modeling-based localization: Modeling-based methods uti-
lize the wireless channel models and geometric relationships
to estimate the location [1]. Wang et al. [34] propose a
modeling-based localization approach that preprocesses CSI
according to the target’s presence in the first Fresnel zone and
estimates the target location by solving power fading model
equations across multiple paths. Han et al. [35] leverage a
single WiFi AP for indoor localization by first eliminating
phase and angle errors with an interpolation-based technique.
They then obtain the signal propagation distance through
broadband angle ranging and use triangulation to determine
the target location. Zhang et al. [36] develop a localization
system that employs a background elimination algorithm to



eliminate the static paths and extract the target reflection path
using angle of arrival (AoA) and equivalent time of flight
(ToF) information. Furthermore, Xie et al. [37] propose to
jointly use four dimensions, i.e., AoA, angle of departure
(AoD), ToF, and Doppler shift, to realize localization with
a designed iterative algorithm. Yang et al. [15] introduce a
joint multi-AP AoA estimation method that introduces a non-
parametric AoA accuracy metric and explicitly incorporates
the relationship among AoAs from different APs to enhance
indoor localization robustness. To realize localization, most
of the above-mentioned works rely on the CSI difference
between adjacent antennas. However, in commercial WiFi
devices, the indices of receive antennas may not be fixed and
may change randomly, as highlighted in [24]-[26], causing
these methods to become ineffective. To address this issue,
we propose GraphFi that takes advantage of the permutation
invariance of GNN.

Learning-based localization: As the neural networks have
shown excellent performance on image-related tasks, they are
also introduced to learning the complex relationship between
the location and CSI for localization [38]. Intuitively, Wu et
al. [21] treat each CSI over different antennas/subcarriers as a
vector and use typical DNN to realize localization. However,
the simple structure of DNN makes it hard to achieve high
performance. To use complex deep networks, such as CNN,
CSI can be treated as an image [39]. Wang e al. [14] present a
CNN-based indoor localization approach that estimates stable
AoA features from CSI phase differences and constructs
AoA images for location prediction. In a subsequent work,
the same research group introduces a ResNet-based method
employing a dual-channel residual sharing architecture for
indoor localization [22]. Zhu et al. [23] propose an indoor
localization method that converts CSI phase information into
images for feature extraction with a CNN and employs a
broad learning model to support fast updating of localization
fingerprints. However, the learning methods directly using CSI
as input cannot adapt to the dynamic antenna configuration.
To address those limitations, we use the GNN for WiFi
localization. Different from existing works [29], [30] that
simply consider APs as graph nodes, we develop two types of
graphs and corresponding GNNSs to solve the dynamic antenna
configuration and use the location information of APs.

III. BACKGROUND AND MOTIVATION

In this section, we first present the principle of WiFi local-
ization and the practical problems we need to face. Then, we
introduce the fundamentals of GNNs and GRL-based UDA.
At last, we explain the key motivations for utilizing GNNs to
address those problems and achieve robust localization.

A. Active WiFi Localization

The WiFi-based active localization determines the target’s
location by extracting information about the LoS path in the
wireless channel. Thus, we start by introducing the wireless
channel model. Following the typical ray-tracing model [40],
[41], the wireless channel between N transmit antennas and

N" receive antennas can be represented by H = [ht ,,r] €
t T
CN"XN" " where hy: - can be expressed as

L — 2277 (b —1)d" cos(8)+(n* —1)d* cos(6F
}an)nrzzl:1ale L c (( 1)d (91)+( 1)d (91))' (1)

In the above, o, 9;, and 0] are the path gain, AoD, and
AoA for the [-th path, respectively. d* and d* are the transmit
antenna spacing and receive antenna spacing, respectively, f€¢
is the carrier frequency, and c is the speed of light. Without
loss of generality, we set [ = 1 as the LoS path. Generally,
«y is higher than a; when [ > 2. Existing modeling-based
localization algorithms determine the receiver’s location by de-
riving the AoA and AoD of the LoS path from Eqn. (1). Here,
AoA (or AoD) is estimated using the phase difference among
adjacent transmit (or receive) antennas, denoted as d" cos(6})
(or d* cos(6})) [27]. Unlike modeling-based methods, learning-
based localization algorithms use H directly as the input to
the model and establish its connection with the location by
training over a collected dataset. These two types of methods
can achieve high localization accuracy under some specific
settings. Yet, in many real-world scenarios, we need to face
the following three practical problems.

Problem 1: Dynamic antenna configuration. Existing WiFi
systems are originally designed for efficient communication
without considering the performance of localization. In prac-
tice, the antennas of the AP used for data transmission
may change to adapt to the variations in the communication
demands. Consequently, the number of antennas is not con-
sistently maintained all the time, causing the dimensionality
of H to fluctuate. This hinders the implementation of deep
learning models as they usually require the input H to have
consistent dimensionality, i.e., size. Moreover, the indices of
the receive antennas at the user end can also vary depending on
the communication context. Nonetheless, random variations in
these indices can change the order of the row belonging to each
antenna in H, severely impacting modeling-based localization
since accurate AoA estimation cannot be achieved.

Problem 2: Potential obstacle influence. In real-world scenar-
ios, obstacles such as pedestrians can occasionally block the
LoS path between the AP and the user. This can disrupt the
wireless channel, deteriorating signal quality and consequently
reducing localization accuracy. For example, the performance
of modeling-based methods depends on the difference between
ay and «y, where [ > 2. The obstacles can inadvertently in-
crease oy (I > 2) while reducing «, significantly diminishing
the localization accuracy.

Problem 3: Cost-efficient fine-tuning with unlabeled data.
The layout of objects in an environment often changes, e.g.,
adding new furniture. These changes would cause a decline in
the performance of pre-trained models, particularly when the
models were originally trained in a specific layout. For most
existing algorithms, addressing this issue typically requires the
re-collection of labeled data to fine-tune the model. However,
frequent acquisition of labeled data is time-consuming and
costly. In such a case, the ability to fine-tune the model using
a small amount of unlabeled data would significantly reduce
the operational cost in practical applications.
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Fig. 2. The structure of GNN.

In this paper, we develop GraphFi to solve the above prob-
lems, enabling accurate localization in dynamic and obstacle-
prone environments and facilitating efficient model mainte-
nance through cost-efficient fine-tuning with unlabeled CSI.

B. GNN Basics

GNN is one class of neural networks particularly adept
at processing data structured as graphs [42]. Thus, before
detailing GNN, we first introduce the graph, a structure used
for describing the pairwise relations between objects. A graph
can be denoted as G = (V, &), where V is the set of nodes
(i.e., objects) and & is the set of edges. An adjacency matrix
A € RIVIXIVI represents the connections in the graph with
each element determined by the presence of edges:

Alv,u] = {w(v’u) if edge. (v,u) € € and v # u, 2)
0 otherwise,
where w(,,,,) is the weight (a specific type of feature) of edge
(v,u). For an unweighted graph, w, ) is set as 1 for all
edges. For each node v € V, its characteristic is represented
by feature h, and the set of its neighboring nodes is N (v).
GNN is built upon graph structures, as shown in Figure 2. It
mainly consists of K graph convolution layers and an output
layer. Different from the conventional convolution layer, the
graph convolutional layer aims to update the node feature
based on the information from neighboring nodes using a
novel message-passing mechanism. Specifically, let hg,k_l)
denote the representation of node v at the (k—1)-th layer. To
obtain hg,k) at the k-th layer, we first calculate an intermediate

feature 35,’“) for node v, as

ilq(;k) - u?/(gf(gv) (fM,(k) (hl(Jkil)’ hglkil)’w(v’u))) ’ ©)

where fM=(k)(~) is the message function, e.g., a multi-layer
perceptron (MLP), Agg(-) is the aggregation function, e.g.,
the summation function, and hv0 = h, is the input of the
GNN. Subsequently, the representation hg,k) of node v at the
k-th layer is calculated with hf,kil) and ilq(;k), as

B = 700 (R0, RO @

where fU:(F)(.) is the update function realized via the MLP.

Thanks to the compatibility with graph structure, GNN
features two advantages: scalability and permutation invari-
ance [28]. Scalability refers to that GNN is not limited
to fixed-size input and adapts to different sizes of graphs

during the training and inference phases as GNNs aggregate
information from nodes and their neighboring nodes through a
message-passing mechanism, regardless of the nodes’ number.
Permutation invariance means that the GNN is not sensitive
to the order of nodes since it focuses on the connection
relationship among nodes.

C. GRL-based UDA

UDA is a technique that enables the transfer of neural
networks from a source domain to a target domain using
unlabeled data [43]. The source domain refers to the domain
where the model is pre-trained with labeled data, while the
target domain is related to the source domain but has different
data feature distributions, with labels typically unavailable, re-
ferring to the case where the layout of the environment varies.
Among the existing UDA methods, GRL-based UDA is the
most representative one, and a model that utilizes GRL-based
UDA typically consists of four components: feature extractor,
label predictor, GRL, and domain classifier. During transfer,
the labeled data from the source domain and the unlabeled
data from the target domain are input into the feature extractor
for feature extraction. The extracted features are denoted as
source features and target features, respectively. Then, only the
source features are input into the label predictor for prediction,
producing the predicted label values. Concurrently, both the
source features and target features are input into the domain
classifier, which attempts to distinguish whether the features
come from the source domain or the target domain. The GRL,
denoted as Ry (x), is placed between the feature extractor
and the domain classifier, with the behaviors in forward and
backward propagation being

R)\(l') =, % = _A:[a (5)

respectively. During the forward propagation, the GRL per-
forms an identity mapping on the extracted features @, which
means that the features are directly input to the domain
classifier. During the backpropagation, the GRL reverses the
gradient of the feature extractor by multiplying it by a coef-
ficient —J, thereby creating an adversarial training process.
Thus, the domain classifier attempts to distinguish as much
as possible the domain from which the features extracted
by the feature extractor originate, while the feature extractor
strives to extract domain-invariant features. After training,
when the model is tested in the target domain, the feature
extractor, which aligns the features of the source and target
domains, allows the label predictor to effectively realize the
task. Notably, for indoor localization tasks, the model is
typically pre-trained in the source domain. Therefore, the
aforementioned transfer training process is essentially a fine-
tuning process, requiring only a limited number of training
epochs. With its low fine-tuning overhead and reduced costs of
data re-collection and annotation, GRL-based UDA provides
a cost-efficient maintenance solution for indoor localization.

D. How Our Solutions Benefit from GNN?

The core challenge of Problem 1 stems from the varying
size of H and the random order of its rows. Fortunately,



the scalability and permutation invariance of GNN provide
a solution to this problem. Previous approaches [29], [30]
have shown that treating each AP as a node to construct the
graph is feasible, but this does not fully leverage the scalability
of GNNs. A better approach is to consider each transmitter-
receiver (TX-RX) antenna pair as a node. However, this
straightforward graph structure overlooks critical information
in a multi-AP scenario, specifically the connections among
APs, which can negatively affect the localization performance.
To address this issue, we propose two novel graph structures
for the antenna-level and AP-level respectively, namely intra-
AP graph and inter-AP graph. The AP level captures the
connections among APs, while the antenna level represents
the connections between the transmit antennas of a single AP
and the receive antennas of the user. This two-tiered approach
enables GraphFi to fully leverage the CSI from all APs and the
capabilities of GNNS, resulting in highly accurate localization.

Our approach for addressing Problem 2, where potential
obstacles may affect CSI, draws inspiration from ancient
mariners. Ancient mariners navigated by using stars in the
night sky while sailing at sea. When clouds obscured some
stars, they would depend on other visible stars to navigate.
Similarly, indoor localization tasks bear resemblance to the
navigation challenges faced by mariners. In large indoor
environments, numerous APs are densely deployed to maintain
communication performance. These APs can be likened to
stars that can be utilized for localization purposes. How-
ever, obstacles within the environment may attenuate signals
from certain APs. Incorporating the CSI from these APs
for localization can potentially introduce noise into the data
distribution, leading to degraded localization performance.
To address this issue, akin to ancient mariners, we propose
an anomaly detection method on the CSI between the user
equipment (UE) and various APs. This method assesses the
impact of obstacles on the CSI of each AP and selectively uses
only the CSI that is unaffected by obstacles for localization.
Although this would change the dimensionality of H and
pose a challenge to traditional deep neural networks, GraphFi
leverages the exceptional scalability of GNNs to maintain
effective performance in such scenarios.

To address Problem 3, we integrate GRL-based UDA into
our GNN framework. This technique offers several advan-
tages that are particularly beneficial for indoor localization
tasks. Firstly, it enables efficient optimization through stan-
dard backpropagation, avoiding the complex and often un-
stable adversarial training required by GAN-based methods.
Secondly, GRL-based UDA enhances robustness by learning
domain-invariant features without relying on target domain
labels, which is essential for adapting to dynamic indoor
environments where labeled data is scarce or unavailable. Ad-
ditionally, this approach can seamlessly integrate with existing
deep learning frameworks. By leveraging these advantages,
the integration of GRL-based UDA with our GNN framework
allows GraphFi to adapt to changes in the indoor environment
without the need for labeled target data, thereby facilitating
cost-efficient system maintenance.

CSI collection from multiple APs

Sniff beacon Number of CSI from all
packets APs/antennas available packets
Location estimation using ternary GNNs
Intra-AP Feature Inter-AP Anomaly Location
graph aggregation graph detection estimation

Fig. 3. Overview of GraphFi.

IV. GRAPHFI OVERVIEW

Towards accurate and robust localization using CSI ex-
tracted from multiple APs’ packets, GraphFi follows the
workflow outlined in Figure 3. The process consists of two
phases: CSI collection from multiple APs and location esti-
mation using ternary GNNs. To localize a user in an indoor
environment, the process begins with sniffing the beacon
packets to identify the number of nearby APs and further
identify the number of transmit antennas for each AP from
the high-throughput capabilities information contained in the
beacon packets [44]. Next, the user measures the CSI between
the nearby APs and itself by capturing all available packets
transmitted by the APs. Using the collected CSI, the user
constructs an intra-AP graph (introduced in Section V-A). This
graph is then fed into a feature aggregation GNN to obtain the
characteristic representation (CR) of each AP and construct
an inter-AP graph (introduced in Section V-B). Subsequently,
GraphFi uses an anomaly detection GNN to filter out the
CRs of obstacle-affected APs. Finally, the inter-AP graph,
after removing obstacle-affected APs, is input into a location
estimation GNN to determine the user’s location. The intra-
AP and inter-AP graphs will be introduced in Section V. The
feature aggregation, anomaly detection, and location estima-
tion GNNs will be detailed in Section VI. Additionally, the
training strategy of GraphFi in a single-domain setting and
the fine-tuning strategy in a cross-domain setting will also be
described in Section VI.

V. GRAPH CONSTRUCTION

To fully leverage all available APs for accurate localiza-
tion, we design two specialized graphs: the intra-AP graph
and inter-AP graph. These graphs are crafted to effectively
integrate and structure the CSI provided by the APs. In the
following, we first outline the variables needed to construct
these graphs and then give the construction details.

To be aware of nearby available APs, GraphFi scans for the
beacon packets in the environment and identifies the source
of each packet based on its media access control address.
The total number of the available APs can be denoted as I.
Additionally, the number of transmit antennas for each AP,
which corresponds to the number of supported data streams
indicated in the beacon packet, is denoted by N'.! Then,
we can structure the graph based on the above information.
Recall that our goal is to make full use of the knowledge
provided by APs, we design the intra-AP graph and inter-AP

IFor ease of understanding, we assume that all APs are equipped with the
same number of antennas in this paper. However, the proposed design can
be easily extended to accommodate general scenarios where the number of
antennas varies among different APs.
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graph to exploit local information among TX-RX antennas
of each AP and global information among APs, respectively.
The relationship between them is illustrated in Figure 4. First,
GraphFi constructs an intra-AP graph for each AP, in which
each TX-RX antenna pair is regarded as a node to offer a fine-
grained utilization of the local CSI information. Then, each
AP is considered as a node to construct an inter-AP graph. It
globally combines the local information from all the APs to
estimate the user location.

A. Intra-AP Graph

GraphFi assigns each AP an intra-AP graph to collect local
information among antennas, where each TX-RX antenna pair
corresponds to a node. Formally, the i-th intra-AP graph can
be described by:

G = (v, ), (©6)

where V() is the set of TX-RX antenna pairs and £(*) is the set
of corresponding edges. Particularly, the number of nodes (i.e.,
antenna pairs) has an upper limit N*N*. The actual number of
the nodes may be less than N*N* and vary with time, as not
all transmit antennas are necessarily used for communication
in practice. As for the edge, any two TX-RX antenna pairs
are considered connected since they are highly correlated.
Consequently, the adjacency matrix A(") has all non-diagonal
elements set to 1 and all diagonal elements set to 0.

B. Inter-AP Graph

To construct an inter-AP graph for combining the local
information of all available APs, each AP contributes as a
node, with the number of nodes being /. Formally, the inter-
AP graph can be described as:

G = (VA7 £47), 0

where VAP is the set of APs and £AT is the set of edges
among APs. We assume that any two APs are also connected,
given that they are all in close proximity to the user. To better
reflect real-world relationships among APs, we incorporate the
distance between each pair of APs into the adjacency matrix
AAP ¢ RIXI Let d;, ;, denote the distance between AP 4,
and AP 75, we have

e
AAP[il,iglz{ fivia 1001 7 2 ®)

0 otherwise.

AAP[iy ig] reflects the correlation between the CSI from
AP iy and that from AP iy, where a smaller distance d;, ;,
indicates a stronger correlation.

C. Superiority of Our Graphs

Compared to the GNN construction methods proposed
by existing localization literature [29], [30], our customized
graph construction method bears the following advantages: (1)
Mitigation of data disorder issue: our method effectively
addresses problems associated with data disorder within the
CSI matrix caused by random indices of antennas. While
random indices lead to sequential exchanges of nodes within
intra-AP graphs, the permutation invariance ensures that the
connection relationships and overall structure of the two
graphs remain unaffected, that is, these changes do not impact
the GNN output. (2) Fine-grained information utilization:
unlike existing methods [29], [30] that only treat one AP
as a node, our approach adopts a more detailed perspective.
We first represent the CSI between a TX-RX antenna pair as
node features in the intra-AP graph. These node features are
aggregated to form the CR of AP. Subsequently, the CRs are
combined with AP distance information through the inter-AP
graph to determine the UE location. Such a countermeasure
not only utilizes local CSI data but also makes full use of the
global information among APs, thereby enhancing the overall
performance of the localization system.

VI. LOCALIZATION VIA TERNARY GNNS

As mentioned above, we design two types of graphs to
achieve fine-grained information utilization. In this section,
we respectively develop two GNNs to leverage the benefits
of the two graphs for precise localization. Additionally, to
mitigate potential influence from low-quality CSI of some
obstructed APs, we also design another GNN to perform
anomaly detection. As a result, we employ three distinct
GNNs, collectively referred to as ternary GNNs (as shown
in Figure 5) to achieve local feature aggregation in intra-AP
graphs, anomaly detection for the CRs, and location estimation
with the global inter-AP graph, respectively. In the following,
we will first introduce how the ternary GNNs accomplish the
localization tasks during the inference phase, and then present
the training and fine-tuning strategy of the ternary GNNs.

A. Feature Aggregation GNN

The purpose of this GNN is to aggregate the local fea-
tures of TX-RX antenna pairs within each intra-AP graph.
Its structure is illustrated in Figure 6. We use the CSI of
each TX-RX antenna pair as the node features, denoted as
R ¢ CN'*1 where Nf is the number of subcarriers and
n € {1,---,N'N*}. Three graph convolutional layers are
employed to uncover potential relationships among nodes
through the message-passing mechanism. Specifically, in the
k-th graph convolutional layer, given the input hgf k= 1), the
output after the message-passing can be expressed as:

W(k)h(zkz 1)+W(k) Z A TL n]h(Zk 1)7 9)
n’eN(n)

zk)

where ng) and WQ(k) are the trainable parameters. More-
over, each graph convolutional layer is followed by a batch
normalization (BN) function [45] and a rectified linear unit
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Fig. 5. Localization using ternary GNNs.

(ReLU) activation function [46]. BN helps mitigate biases in
the data distribution, enhancing the stability and speed of the
training process. ReLU introduces nonlinear transformations,
improving the network’s learning capabilit ?/ After the process-
ing of the ReLU activation, the output h; "’ is obtained and
serves as the input of the next convolutional layer.

After three convolutional layers, we use a global average
pooling layer (denoted as P(-)) to aggregate the features of
all TX-RX antenna pairs into a single representation for this
AP, i.e., CR. The CR for the i-th AP can be expressed as:

g =P ({RP =1, \N'N}).(10)
Since each node is fully connected with all edges set to 1, the
order of the nodes, i.e., the indices of antennas, does not affect
the CR of each AP. Additionally, the number of nodes, which
corresponds to the number of TX-RX antenna pairs, also does
not impact the aggregation process. This is because we use
a global average pooling function to ensure that the size of
the aggregated features remains consistent when the number
of nodes changes.

B. Anomaly Detection GNN

After the feature aggregation in each intra-AP graph, we
obtain the CR of each AP, and it can be used for subsequent
localization. However, as aforementioned, due to that potential
obstacle may impede the LoS path between the AP and the
user, the CRs of some APs may be obstacle-affected. To
address this issue, we need to detect the obstacle-affected AP
and only use the CRs of unobstructed APs for localization.
Thus, we develop an anomaly detection GNN to examine the
quality of each CR.2

Given that influence from potential obstacles is unpre-
dictable, collecting CSI samples under all possible scenarios
is challenging. Instead, it is more practical to collect CSI
samples in the absence of obstacles. To achieve our objective
of detecting an obstacle-affected AP, we need to differentiate
between CSI with and without obstacles. According to the
channel model [40], a channel without obstacle blockage
follows a Rice distribution, while a channel with obstacles
follows a Rayleigh distribution. Therefore, we can analyze the
distribution of CSI samples collected without obstacles and use
this information to facilitate anomaly detection.

To achieve this, we employ an autoencoder [47] to learn
the distribution of CSI that is unaffected by obstacles. As

2Here, “anomaly” refers to features that are uninformative for localization
rather than abnormalities in communication.

Fig. 6. Feature aggregation GNN.

Fig. 7. Anomaly detectlon GNN.

illustrated in Figure 7, the input of the autoencoder is the inter-
AP graph with the CR of each AP being g(*). The autoencoder
contains two main components: encoder and decoder. The
encoder utilizes three graph convolutional layers to compress
the CRs of all APs from high-dimensional vectors to low-
dimensional representations. The operation of the k-th graph
convolutional layer in the encoder can be represented as:

gt =Wt B gk BN AAP Y gkl (1)
i’ €N (i)

where ij’(k) and W, are the trainable parameters,

and g9 = g is the input of the autoencoder. Each
graph convolutional layer is followed by a ReLU activation
function. The decoder has a similar three-layer structure as
the encoder, and the operation of each graph convolutional
layer in the decoder is analogous to that in the encoder. The
key difference is that the decoder reconstructs the encoded
CRs, i.e., transforms them from low-dimensional vectors back
into high-dimensional CRs.

As mentioned above, the autoencoder only needs to “see”
the distribution of clean CSI without obstacle influence. To
identify the CRs of obstacle-affected APs, we define the
reconstruction error as:

A, (k)

€W =1g" —g@2, (12)
where §(* denotes the reconstructed CR for the i-th AP.
We then set an empirical threshold 7 for the reconstruction
error, determined from experimental observations as the 95 %
quantile of the errors under unobstructed APs. Since the distri-
bution of obstacle-affected CSI differs from that of unaffected
CSI, the reconstruction error for obstacle-affected CRs will be
significantly high. During the inference phase, only CRs with

a reconstruction error less than 7 are used to estimate location.

C. Location Estimation GNN

The location estimation GNN is tasked with globally in-
tegrating the CRs from all unobstructed APs (i.e., taking
inter-AP graph as input) to estimate the user’s location. First,
the inter-AP graphs are fed into the inter-AP graph feature
extractor, which consists of two graph convolutional layers
and a global average pooling layer. Specifically, the two graph
convolutional layers employ a message-passing mechanism to
uncover potential relationships among APs. The operation of
each graph convolutional layer is described in Eqn. (11). Each
graph convolutional layer is followed by a BN function and
a ReLU activation function. After the final ReLLU activation,
a global average pooling layer is applied to average the



convolutional results of all CRs to obtain the extracted global
features. Ultimately, the label predictor composed of a fully-
connected (FC) layer is used to map the extracted global
features to the user’s location.

At this point, we have completed the introduction of the
inference process of the ternary GNNs. It consists of three
modules: the feature aggregation GNN, the anomaly detection
GNN, and the location estimation GNN. Let I denote the
number of APs, and N' and N* the numbers of transmit and
receive antennas, respectively. Treating the input/output feature
dimensions of each layer as constants and ignoring lower-order
terms, the computational complexities of the three modules are
as follows: feature aggregation GNN: O (I(N'N™)?), anomaly
detection GNN: O(I?), and location estimation GNN: O(I?).
Therefore, the overall computational complexity of GraphFi’s
ternary GNNs during inference is O(I(N*N*)? + I?). The
rest of this section will describe the training strategy in the
single-domain setting (i.e., source domain) and the fine-tuning
strategy in the cross-domain setting.

D. Training and Fine-Tuning Strategy

To make the aforementioned ternary GNNs possess their
presumptive prediction abilities, we need to construct a dataset
and train over it based on tailored optimization objectives.
Particularly, in the single-domain setting, ternary GNNs are
trained using labeled data from the source domain, and the
training process can be divided into two stages. In the first
stage, the feature aggregation and location estimation GNNs
are jointly optimized. In the second stage, the anomaly de-
tection GNN is optimized based on the well-trained feature
aggregation GNN. In the cross-domain setting, labeled data
previously collected from the source domain and a small
amount of re-collected unlabeled data from the target domain
are available for fine-tuning. Similar to the training process,
the fine-tuning process can also be divided into two stages. The
difference is that, in the first stage, both labeled data from the
source domain and unlabeled data from the target domain are
used to fine-tune the feature aggregation GNN and location
estimation GNN. In the second stage, the anomaly detection
GNN is fine-tuned solely based on the unlabeled data. In the
following, we will first detail our data construction method,
then introduce the components of the ternary GNNs that are
activated only during the training or fine-tuning phases, and
finally provide the training and fine-tuning details.

1) Dataset Construction: A piece of training or fine-tuning
data is composed of two parts: the intra-AP graphs of all APs
and the corresponding adjacency matrix of the inter-AP graph.
To collect them, we let a user move in the target environment
to capture the packets of all available APs, assuming that all
transmit antennas of each AP are used for communication.
Then, we construct intra-AP graphs and build adjacency
matrices according to the methods introduced in Section V-A.
Each piece of training data from the source domain is then
annotated with the actual location of the user, while the fine-
tuning data from the target domain lacks location labels.

2) Component Activation: We now introduce the compo-
nents of the ternary GNNs that are activated only during the

training or fine-tuning phases, which are disabled during the
inference phase introduced in Section VI-A—Section VI-C. For
the feature aggregation GNN, although the training conditions
are typically ideal, some transmit antennas of an AP may
be inactive during communication in practice. To address
this issue, before feeding the intra-AP graphs into the graph
convolutional layers, the feature aggregation GNN first per-
forms data augmentation by simulating such scenarios, that
is, randomly dropping some nodes within a portion of intra-
AP graphs. This augmentation can enhance the generality
of the dataset regarding dynamic antenna configuration. For
the anomaly detection GNN, each graph convolutional layer
is followed by a ReLU activation function and a dropout
layer [48], with the exception of the final graph convolutional
layer. The dropout layer helps mitigate overfitting. For the
location estimation GNN, during the inference phase, the
anomaly detection GNN will filter out the CRs from obstacle-
affected APs, which may result in a change in the number
of nodes in the inter-AP graphs. Similar to the feature ag-
gregation GNN, the location estimation GNN also performs
data augmentation by simulating such cases, that is, randomly
dropping some nodes within a portion of the inter-AP graphs.
The components mentioned above operate in both the training
and fine-tuning phases. Additionally, the UDA module placed
after the inter-AP graph feature extractor is activated only
during the fine-tuning phase for the cross-domain setting. As
shown in Figure 8, the UDA module consists of the GRL and
the domain classifier, and the domain classifier comprises two
FC layers with a ReLU activation function between them.

3) Two-Stage Training: Now, we can proceed to train
ternary GNNs using the constructed dataset. In the single-
domain setting, all data are from the source domain and
annotated with location labels. We adopt a two-stage training
strategy in this setting, as shown in Algorithm 1. In the first
training stage, we jointly train the feature aggregation GNN
and location estimation GNN. Since there is no domain shift
in the single-domain setting, the UDA module of the location
estimation GNN is disabled. The loss function in the first
training stage can be expressed as:

8 = (|9~ — y" |2, (13)

where g is the estimated location and y" is the actual lo-
cation, both of which are two-dimensional planar coordinates.
By minimizing £", the parameters of both feature aggregation
GNN and location estimation GNN are updated. After training,
we can use these two GNNs to predict the UE locations.
Nevertheless, GraphFi still encounters challenges when
dealing with data contaminated by obstacle-affected APs.
To address this issue, we introduce a second training stage
to optimize the anomaly detection GNN. Specifically, we
also perform joint optimization by training both the feature
aggregation GNN and the anomaly detection GNN together.
However, during this stage, only the parameters of the anomaly
detection GNN are updated, while the parameters of the
feature aggregation GNN remain fixed. The optimization ob-
jective of the anomaly detection GNN is to minimize the
difference (i.e., reconstruction error) between the input CR
and the reconstructed CR, enabling its autoencoder to learn



Algorithm 1: Two-Stage Training Strategy.

Algorithm 2: Two-Stage Fine-Tuning Strategy.

Input: Source domain dataset
Ds = {(h}, A®) AAP yL)} number of epochs
Pr1, Pro, and learmng rate nT1, NT2;
Output: Trained parameters OF, ©4, and O%;
Stage 1: Joint training of feature aggregation GNN
(GNNF) & location estimation GNN (GNNL).
1: Initialize: Randomly initialize ©F O;
2: for epoch p =1 to Pr; do
3: foreach minibatch B C Ds do
& g = GNNF (B, A);
5: gL = GNN" (g, AAP);
o || L=l =y
7 {@F,@L} «— {@F,@L}—nTl V{@F@L},CL;
8 end

9: end
Stage 2: Training of anomaly detection GNN (GNN%).
10: Initialize: Randomly initialize ©4, and freeze OF;
11: for epoch p =1 to Pry do

12: foreach minibatch B C Ds do

13: g = GNNF (hﬁz‘), AD);

14: g = GNNA( D),

15: LA = |3\ ZzEB ||g( 9( )||2§
16: A — 0A — T2 V@AE

17: end

13: end

the distribution of the channel without obstacle influence. The
loss function £ for this training stage can be expressed as:

I .
A=Y o

After the two-stage training, the ternary GNNs can be
employed for precise and robust localization. First, the intra-
AP graphs from all available APs are fed into the feature
aggregation GNN to generate the CRs for each AP. Next, the
anomaly detection GNN is used to identify any low-quality
CRs with the inter-AP graph. Only the CRs from unobstructed
APs, along with their corresponding adjacency matrix, are then
input into the location estimation GNN for localization.

4) Two-Stage Fine-Tuning: In the cross-domain setting,
both source and target domain data are assigned domain
labels to indicate whether they originate from the source or
target domain, but only source domain data have location
labels. Under this setting, the UDA module of the location
estimation GNN is activated. Similar to the single-domain
setting, we adopt a two-stage fine-tuning strategy in the cross-
domain setting, as shown in Algorithm 2. In the first fine-
tuning stage, the feature aggregation GNN and the location
estimation GNN are still fine-tuned jointly. However, the fine-
tuning process differs from the training process in the single-
domain setting. It is important to note that in the first fine-
tuning stage, the feature aggregation GNN and the inter-AP
graph feature extractor of the location estimation GNN act as
the feature extractor described in Section III-C. Specifically,
intra-AP graphs from both domains are fed into the feature

(14)

Input: Source domain dataset
Ds = {(h), A®), AAP gL yD)} target domain
dataset Dy = {(h\), AC ) AAP yP)}, number of
epochs Pri, Pro and learnmg rate Ng1, Nre;

Output: Fine-tuned parameters OF, 04, and OL;

Stage 1: Joint fine-tuning of feature aggregation GNN
(GNNF) & location estimation GNN (GNNL).

1: Initialize: Load the trained OF, O%;
# The UDA module is activated in this stage.

2: for epoch p =1 to Pg; do

| A= rramptog b

4 foreach minibatch Bs C Ds, Bt C Dt do

5 g(‘) = GNN¥ (hgf), A(i));

6 gb, P = GNN" (g, AAP ));

7 LE =lg" — y"2:

8: LP = —[yP1log(y”)+(1—y")-log(1-3)];
9: L= LL + LD;

10: {eF, 0} « {eF el —np VL;

# Here, O consists of the learnable
parameters of the UDA module.

11: end

12: end

Stage 2: Fine-tuning of anomaly detection GNN
(GNND),

13: Initialize: Load the trained ©*, and freeze OF;

14: for epoch p =1 to Pps do

15: foreach minibatch Bt C Dt do

i6: g = GNNF (hﬁ?, AD);

17: g\ = GNNA( D)

18: LA = IBT\ EzGBT ||9( 0 — g( )||2
19: 0A — 04 — NF2 VOAL

20: end

21: end

aggregation GNN, and the resulting inter-AP graphs are then
input into the inter-AP graph feature extractor of the location
estimation GNN. Then, the extracted features are obtained and
referred to as source features and target features, respectively.
Subsequently, as illustrated in Figure 8, only the source fea-
tures are input into the label predictor to obtain the estimated
location, denoted as QL, similar to the procedure in the training
process. Concurrently, both source and target features are input
into the UDA module to derive the estimated domain, QD,
which is specific to the fine-tuning process. The loss function
in the first fine-tuning stage can be expressed as:

L=rL"+LP, (15)
where £V and LP are the location loss and domain classifi-
cation loss, respectively. £ is defined by Eqn. (13), and £P
is defined as:

LP = —[yP - log(y” ) -log(1—9")],  (16)

where yP € {0,1} is the domain label (0: source domain,
1: target domain) and §® denotes the predicted value of the

)+ (1—yP
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Fig. 8. This figure illustrates how UDA is integrated with the proposed ternary
GNNS, and it is only activated during the fine-tuning stage.

domain. When minimizing £, the backpropagation is shown in
Figure 8, where A%, P, and OF are learnable parameters of the
label predictor, the domain classifier, and the feature extractor.
It can be observed that during backpropagation, the gradient is
multiplied by a coefficient of —\ when it passes through the
GRL, thereby creating an adversarial training process between
the feature extractor and the domain classifier. \ is a dynamic
weighting parameter of GRL, which is defined as:

A=2/(1+exp(—10p)) — 1,

where p denotes the index of the current epoch in the fine-
tuning stage. The gradual increase of A from O to 1 enables
the feature extractor (i.e., the feature aggregation GNN and
the inter-AP graph feature extractor of the location estimation
GNN) to capture domain-invariant features.

In the second fine-tuning stage, similarly, the feature ag-
gregation GNN and the anomaly detection GNN are fine-
tuned jointly. The parameters of the anomaly detection GNN
are updated, while the parameters of the feature aggregation
GNN remain fixed. Since this stage is unsupervised, it does
not require location labels. Consequently, only the intra-AP
graphs from the target domain are input into the feature
aggregation GNN, enabling the anomaly detection GNN to
capture the distribution of the normal CSI in the target domain.
Here, the normal CSI refers to the CSI obtained under stable
conditions without dynamic antenna configuration or influence
from potential obstacles. Overall, the fine-tuning process in the
second stage for the cross-domain setting is analogous to that
of the single-domain setting.

After the two-stage fine-tuning, the ternary GNNs are capa-
ble of achieving precise and robust localization in the target
domain. In the first fine-tuning stage, intra-AP graphs from
both source and target domains are input into the feature
aggregation GNN, where the UDA module of the location
estimation GNN facilitates the extraction of domain-invariant
features through adversarial training. In the second stage, only
the intra-AP graphs from the target domain are input into
the feature aggregation GNN, allowing the anomaly detection
GNN to capture the distribution of the normal CSI in the
target domain. This methodology enables GraphFi to be fine-
tuned using a small amount of unlabeled target domain data,
thereby effectively addressing problems related to dynamic
antenna configurations and potential obstacle influence within
the target domain in a cost-efficient manner. To show the
effectiveness, we plot the t-SNE for two reference points (RPs)
with the output features from the global average pooling layer
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(a) Without UDA.
Fig. 9. t-SNE visualization of GraphFi.
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Fig. 10. GraphFi implementation: (a) experiment layout and (b) prototype.

(b) Prototype.

of the location estimation GNN in Figure 9. One can see
that the extracted features without UDA differ significantly
between the source and target domains for the same RP. In
contrast, after applying UDA, the points corresponding to the
same RP in different domains are clustered together, indicating
that the model successfully learns domain-invariant features.

VII. EVALUATION

This section first describes the implementation of GraphFi,
and then details its localization performance.

A. Implementation

1) Experiment Setup: We conduct experiments in an
8 mx9.5 m office, simulating a public indoor environment,
as illustrated in Figure 10. The office contains four APs,
specifically TP-LINK AXS5400 routers, positioned at four
distinct locations. A personal computer equipped with a two-
antenna AX200 network interface card serves as the UE, and
the antenna spacing is 6¢cm. The antennas for APs are mounted
at different heights: 1.60m for AP 1 and AP 2, and 1.75m for
AP 3 and AP 4, representing various locations and elevations.
During the collection process, four APs work in the 802.11ax
WiFi standard with the carrier frequency being 5.25 GHz and
bandwidth being 80 MHz. The user utilizes PicoScenes [49]
tool to sniff the communication packets transmitted by the
APs and measure CSI between the APs and itself, with the
CSI sampling rate being 100 Hz. 85 RPs are selected as the
user’s possible locations, with a distance of 0.5m between two
adjacent RPs.

2) Data Collection: Data collection is conducted in both
the source and target domains. The setup mentioned above
is used for both source and target domain data collection.
As shown in Figure 11(a), we begin by collecting data from
the source domain, where the height of the user’s antenna
is positioned 1.55 m off the ground, reflecting the height
at which a 1.8 m tall person would typically hold the UE.
To simulate real-world conditions, we establish six distinct



TABLE 1
THE DETAILED SETTINGS FOR 12 SCENARIOS.

Domain Dynamic  Random

Scenarios . Obstacle
type number index

1 Source No No Limited
2 Source Yes No Limited

3 Source No Yes Limited
4 Source Yes Yes Limited

5 Source No No Significant
6 Source Yes Yes Significant
7 Target No No Limited

8 Target Yes No Limited
9 Target No Yes Limited
10 Target Yes Yes Limited
11 Target No No Significant
12 Target Yes Yes Significant

(O Area for potential obstacles ® AP o RP
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@ Limited obstacles @ Significant obstacles
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(a) Source domain environment.
Fig. 11. Experiment environments.

(b) Target domain environment.

experimental scenarios in the source domain, corresponding
to Scenarios 1-6 in Table I. “Dynamic number” means that
the number of transmit antennas of each AP is dynamic.
“Random index” refers to the indices of the receive antennas
on the user being assigned randomly. In the column of
“Obstacle”, “Limited” indicates that one person occasionally
move around in the scene, and “Significant” refers to more
than four persons frequently move in the scene. The obstacles
in these scenarios could affect the LoS path. Among these
scenarios, Scenario 1 represents the commonly used ideal
setup in existing studies [11], [14], [21], [37]. Scenarios 2-
5 are considered to evaluate the systems’ abilities to solve
Problem 1 and Problem 2. Scenario 6, on the other hand,
simulates a practical large-scale indoor environment with vari-
ous influencing factors, offering a comprehensive evaluation of
GraphFi’s performance. We collect 300 WiFi packets at each
RP in Scenario 1, with 240 used for training and 60 for testing.
In Scenarios 2-6, 60 WiFi packets are collected at each RP for
testing. After completing the source domain data collection,
we collect the target domain data 15 days later. As shown
in Figure 11(b), during these 15 days, the office is used as
usual, causing changes in the layout of various objects in the
environment (e.g., desk arrangements, chair locations, etc.).
To further increase the distribution difference between the
source and target domain data, during the target domain data
collection, the height of the user’s antenna is positioned 1.45m
off the ground, which differs from the height used during the
source domain data collection. We also set up six distinct
experimental scenarios in the target domain, corresponding
to Scenarios 7-12 in Table I. Scenario 7 represents the ideal
setup in the target domain, used to evaluate systems’ ability
to solve Problem 3. Scenarios 8-11 are used to evaluate the
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TABLE II
ARCHITECTURES OF ALL APPROACHES.
Approaches Architectures
Feature
aggregation | 3 graph convolution layers {128, 128, 128}
GNN
i | Anomaly Encoder (input dim 128): 3 graph convolution layers
S| detection {64, 64, 3.2} . .
8 GNN Decoder (input dim 32): 3 graph convolution layers
{64, 64, 128}
eI;tc:Cma;It?c?n 2 graph convolution layers {128, 64} + FC layer {2}
GNN + UDA (only in fine-tuning) with 2 FC layers {32, 2}
((L)J;?Ai'r?f?nlg_ 2 GCN layers {128, 128} + 3 FC layers {64, 32, 2}
i + UDA with 2 FC layers {32, 2}
tuning)
GCN 2 GCN layers {128, 128} + 3 FC layers {64, 32, 2}
GraphSAGE ngrZa}phSAGE layers {128, 128} + 3 FC layers {64,
Input block (Conv 3x3, 64, stride 2) + 4 types of
ResNet residual blocks {64, 128, 256, 512} (3 repeats each)
+ FC layer {2}
DNN 5 FC layers {300, 150, 100, 40, 2}

TABLE III
TRAINING/FINE-TUNING SETTINGS FOR ALL APPROACHES.

i Learning Loss
Approaches | Process type | Optimizers | Epochs rates function
First training Adam 100 0.003 L
stage
Second Adam 200 | 0001 | A
! training stage
GraphFi First fi
irstfine- 1 Agam 50 0.001 L
tuning stage
Second fine- | p oy 100 | 00004 | £A
tuning stage
UDA-GCN | Fine-tuning Adam 100 0.0001 L
GCN Training Adam 300 0.005 Lt
GraphSAGE |  Training Adam 300 0.005 Lt
ResNet Training SGD 50 0.01 Lt
DNN Training Adam 150 0.002 Lt

systems’ abilities to solve Problems 1 and 2 in the target
domain. Scenario 12 simulates a practical indoor environment
in the target domain with various influencing factors, used to
assess the overall performance in the target domain. We collect
80 WiFi packets at each RP in Scenario 7, with 20 used for
GraphFi’s fine-tuning and 60 for testing. It is worth noting
that the location labels of WiFi packets are not required during
fine-tuning. In Scenarios 8-12, 60 WiFi packets are collected
at each RP for testing.

B. Single-Domain Performance

We first assess the systems’ overall localization performance
in the single-domain setting, which means training and testing
using data with location labels solely from the source domain.
All considered approaches are trained in Scenario 1 and then
tested across Scenarios 1-6. LE is calculated by Eqn. (13),
and the average LE is used to quantify the localization
performance. To demonstrate the superiority, we compare
GraphFi with four learning-based baseline systems: GCN-
based [29], GraphSAGE-based [30], ResNet-based [22], and
DNN-based [21] systems. Modeling-based algorithms are not
considered because they require calculating intermediate quan-
tities such as AoA and ToF. This necessitates knowing the cor-
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Fig. 12. Loss curves of GraphFi during the training and fine-tuning stages.
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responding CSI for every TX-RX antenna pair and the spacing
between neighboring antennas. But Problem 1 would prevent
the acquisition of such information, disabling the modeling-
based localization algorithms. To achieve localization, GCN-
based and GraphSAGE-based systems convert the CSI data
into graphs with APs regarded as nodes, the ResNet-based
system transforms the CSI data into matrices, and the DNN-
based system reshapes the CSI data into vectors. It is important
to note that dynamic antenna resource allocation can alter the
dimensionality of the CSI data. Since these four baselines can
only handle input data with fixed dimensionality, to ensure
proper functioning of these models, we apply zero-padding
to accommodate the changes in CSI dimensionality. This
maintains consistent input dimensionality across all baselines.
Moreover, the architectural configurations of GraphFi and the
four baselines are presented in Table II, and their training
settings are presented in Table III.

First, we show the loss curves for GraphFi’s ternary GNNs
during the training stages in Figure 12(a). One can clearly
see that the model converges rapidly during both the training
stages. Then, the localization performance of the five systems
is tested across Scenarios 1-6 of the source domain, as
shown in Figure 13. It can be observed that the LEs of
GraphFi, GCN-based, GraphSAGE-based, and ResNet-based
systems are all small in Scenario 1, with the average errors
of 0.1293m, 0.1743 m, 0.1730 m, and 0.1704 m, respectively.
This is expected, as the CSI samples in the training and test
sets have similar distributions. The high LE of the DNN-
based system is likely due to its simple structure and limited
expressive power. In Scenario 6, GraphFi maintains a low
average LE of 0.1692 m. In contrast, the LEs of GCN-based,
GraphSAGE-based, ResNet-based, and DNN-based systems
increase markedly, reaching 0.5164 m, 0.5198 m, 1.1893 m,
and 1.2051 m, respectively. These increases are attributed to
the lack of specific components in these four baselines to
address the practical problems in real-world scenarios. This
result demonstrates that GraphFi effectively mitigates these
problems with minimal performance degradation. To provide
a more intuitive comparison of the localization performance
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across all approaches, Figure 14(a) presents the estimated
location visualizations for Scenario 6 of the source domain.
The results clearly show that the estimated locations generated
by GraphFi are closer to the ground-truth location than those of
all other baselines, verifying the effectiveness of the proposed
solutions. Moreover, we also illustrate the relationship between
LE and the size of the training dataset in Figure 15(a). It is
observed that the average LE of GraphFi in Scenario 6 of the
source domain gradually decreases as the number of training
samples increases. This is because a larger training set enables
GraphFi to better learn the mapping between CSI and location
coordinates, thereby improving localization accuracy.

To thoroughly demonstrate the effectiveness of GraphFi
in the single-domain setting, we present the LEs of the
five systems across Scenarios 1-6 of the source domain in
Figure 16. It is evident that GraphFi consistently maintains
a low LE across different scenarios. Specifically, GraphFi
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Fig. 16. Localization performance of five systems across Scenarios 1-6.

effectively handles dynamic changes in antenna configurations
in Scenarios 2, 3, and 4, thanks to our graph construction
method, which fully leverages the scalability and permutation
invariance of GNNs. Meanwhile, GraphFi performs effectively
despite influence from obstacles, benefiting from the proposed
anomaly detection GNN. For GCN-based and GraphSAGE-
based systems, LEs in Scenarios 2, 4, and 5 are notably higher
compared to Scenario 1. This is because these systems treat
APs as nodes without accounting for more granular features
among antennas. The increased errors in Scenario 5 are
particularly due to their failure to consider obstacle influence.
An interesting observation is that the ResNet-based system
exhibits the lowest median LE in Scenario 1. This is mainly
due to ResNet’s deep structure and effective residual learning,
which enable it to more effectively extract and utilize complex
features from CSI. However, the ResNet-based system adopts a
coarse-grained approach by treating the CSI data from all APs
as a single entity, which may lead to its high LE in Scenarios 2,
3, and 4. Additionally, the ResNet-based system performs
poorly in Scenario 5 due to its inability to handle influence
from obstacles. Furthermore, the DNN-based system exhibits
high LEs across all scenarios due to its simple structure.

C. Cross-Domain Performance

After evaluating the single-domain performance of GraphFi,
we assess its cross-domain capability. To provide a more
thorough and accurate evaluation, we introduce an additional
baseline, UDA-GCN [50], alongside the four existing baselines
in Section VII-B. UDA-GCN is an unsupervised graph domain
adaptation method that facilitates knowledge transfer from
the source domain to the target domain using a dual graph
convolutional network and GRL. In the evaluation, UDA-GCN
can be viewed as a GCN-based system with domain adaptation
capabilities. Similar to GCN-based and GraphSAGE-based
systems, UDA-GCN converts the CSI data into graphs with
APs as nodes, and the data processing approach is also similar.
In the evaluation of cross-domain capability, labeled data
from Scenario 1 of the source domain and a small amount
of unlabeled data from Scenario 7 of the target domain are
available. First, all the considered approaches are pre-trained
using labeled data from Scenario 1 of the source domain.
The data from the target domain, however, is unlabeled. Since
the GCN-based, GraphSAGE-based, ResNet-based, and DNN-
based localization systems lack mechanisms for handling
unlabeled data, they cannot make use of the unlabeled data
from Scenario 7. In contrast, GraphFi and UDA-GCN, with
their domain adaptation mechanisms, are able to effectively
leverage this unlabeled data for fine-tuning. Moreover, the
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Fig. 17. LE for six systems in Scenario 7 and 12 of the target domain.

architectural configurations of GraphFi and UDA-GCN are
shown in Table II, and their fine-tuning settings are provided
in Table III.

First of all, the loss curves of GraphFi’s ternary GNNs
during the fine-tuning stage in Figure 12(b) demonstrate its fast
convergence. Then, we test the six systems across Scenarios 7-
12 of the target domain, and the overall performance of six
systems in the ideal scenario (i.e., Scenario 7) and practical
scenario (i.e., Scenario 12) of the target domain is presented
in Figure 17. In Scenario 7, the average LEs for GraphFi,
UDA-GCN, GCN-based, GraphSAGE-based, ResNet-based,
and DNN-based systems are 0.2145 m, 0.2624 m, 0.4530 m,
0.4595m, 1.4899m, and 1.8038 m, respectively. The results in
Scenario 7 reflect the systems’ ability to address Problem 3.
GraphFi and UDA-GCN, benefiting from the domain adapta-
tion mechanisms, are able to fine-tune using a small number of
unlabeled target domain samples and extract domain-invariant
features. As a result, they can adapt to the data distribu-
tion of the target domain and maintain relatively low LEs.
On the other hand, GCN-based, GraphSAGE-based, ResNet-
based, and DNN-based systems, which are unable to process
the unlabeled data from the target domain, can only make
predictions based on the data distribution of the source domain.
This leads to their inability to capture the data distribution of
the target domain, causing their LEs in Scenario 7 to increase
significantly compared to Scenario 1. In Scenario 12, the aver-
age LEs for GraphFi, UDA-GCN, GCN-based, GraphSAGE-
based, ResNet-based, and DNN-based systems are 0.2851 m,
0.7177 m, 0.8008 m 0.8132 m, 1.7973 m, and 1.9707 m,
respectively. GraphFi is able to maintain a relatively low LE
in Scenario 12. This indicates that GraphFi not only exhibits
efficient domain transfer capability with low cost, but also
effectively addresses the practical challenges present in the
real-world scenario of the target domain. Due to reasons
similar to those mentioned in Section VII-B, the GCN-based,
GraphSAGE-based, ResNet-based, and DNN-based systems
perform poorly in practical scenarios. Additionally, due to
domain discrepancies, the LEs of these algorithms in Sce-
nario 12 become larger compared to Scenario 6. For UDA-
GCN, although its LE in Scenario 7 is similar to that of
GraphFi, its LE in Scenario 12 is significantly higher. This
indicates that although UDA-GCN can mitigate the impact of
domain shifts on LE through domain adaptation mechanisms,
it lacks the necessary components to effectively address Prob-
lems 1 and 2 mentioned in Section III-A. Consequently, its
performance in the real-world scenario of the target domain
is suboptimal. The above results preliminarily suggest that,
through the close collaboration of its components, GraphFi is
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Fig. 18. Localization performance of six systems across Scenarios 7-12.

capable of addressing Problems 1, 2, and 3 simultaneously.
To provide a more intuitive comparison across all approaches,
Figure 14(b) presents the estimated location visualizations for
Scenario 12 of the target domain. The results clearly show that
the estimated locations generated by GraphFi are closer to the
ground-truth location than those of all other baselines, veri-
fying the effectiveness of the proposed solutions. Moreover,
we also illustrate the relationship between LE and the size of
the fine-tuning dataset in Figure 15(b). It is observed that the
average LE of GraphFi in Scenario 12 of the target domain
gradually decreases as the number of fine-tuning samples
increases. This is because a larger fine-tuning dataset allows
GraphFi to capture domain-invariant features more effectively,
enhancing the accuracy of location estimation.

To thoroughly demonstrate the effectiveness of GraphFi in
the cross-domain setting, we present the LEs of the six systems
across Scenarios 7-12 of the target domain in Figure 18. The
results indicate that GraphFi maintains relatively low LEs
across all six scenarios in the target domain. By comparing
GraphFi’s LEs in Scenario 7 with those in Scenarios 8, 9,
and 10, it is evident that the differences are minimal. This
suggests that, after domain adaptation, our graph construction
method remains effective, enabling GraphFi to address dy-
namic changes in antenna configurations in the target domain.
The result in Scenario 11 demonstrates that GraphFi can ef-
fectively handle influence from obstacles in the target domain.
By utilizing a small amount of unlabeled data from Scenario 7,
the anomaly detection GNN learns the distribution of normal
data, which allows it to detect anomalous data in Scenario 11.
Due to the reasons mentioned in Section VII-B and the domain
shifts, the GCN-based, GraphSAGE-based, ResNet-based, and
DNN-based systems have larger LEs in Scenarios 8-11.

It is worth noting that UDA-GCN’s LEs in Scenarios 8-
11 are slightly lower than those of the GCN-based and
GraphSAGE-based systems, but still significantly higher than
those of GraphFi. This indicates that the presence of domain
adaptation mechanisms allows UDA-GCN to mitigate the per-
formance degradation caused by domain shifts. However, due
to the lack of corresponding mechanisms, UDA-GCN is unable
to address the dynamic antenna configuration problems and
influence from obstacles in the target domain. This indicates
that our GraphFi also possesses irreplaceable advantages in
the target domain.

D. Effect of AP Quantity on Localization Performance

First, we construct three test sets in the source domain, with
the numbers of available APs being 4, 3, and 2, respectively.
To control for confounding factors, these three test sets are
configured identically to the training set except for the number
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Fig. 19. Localization performance of systems in the source and target domain
with varying numbers of APs.

of APs. Figure 19(a) presents the LEs of five systems on these
test sets. It can be observed that the LEs of all systems increase
as the number of APs decreases. However, compared to other
baselines, GraphFi maintains relatively stable localization per-
formance under varying AP conditions. This is primarily due
to the use of data augmentation in GraphFi’s ternary GNNss, as
introduced in Section VI-D. Similar to a conventional dropout
layer, this GNN-specific augmentation technique randomly
drops some nodes within a portion of the inter-AP graphs.
Since there is a one-to-one correspondence between inter-
AP graphs and APs, this data augmentation effectively equips
ternary GNNs with the ability to adapt to dynamic changes in
the number of APs, thereby enabling GraphFi to maintain its
localization performance even when some APs go offline.
Similarly, we construct three test sets in the target domain,
with the numbers of available APs being 4, 3, and 2, respec-
tively. As in the source domain, the number of APs is the only
varying factor in these target-domain test sets. Figure 19(b)
presents the LEs of six systems on these test sets. It can be
observed that the LEs of all systems increase as the number
of APs decreases. However, compared to the other baselines,
GraphFi maintains superior localization performance under
varying AP conditions. These experimental results demonstrate
that GraphFi is capable of adapting to dynamic changes in the
number of APs in both the source and target domains.

E. Ablation Study

To evaluate the effectiveness of the tailored components in
GraphFi, including the anomaly detection function, two data
augmentations and the UDA module, we conduct ablation
experiments. In these experiments, we evaluate performance
by sequentially removing each component from GraphFi.
Specifically, we consider four baselines: one without the
anomaly detection component, one without dropping applied
to nodes in the intra-AP graph for data augmentation (i.e.,
“DroplntraNode”), one without dropping applied to nodes in
the inter-AP graph for data augmentation (i.e., “DropInterN-
ode”) and one without the UDA module (i.e., “UDA”). By
comparing the first three baselines with the complete GraphFi
in the source domain, we can clearly identify the performance
gains contributed by the anomaly detection, “DroplIntraNode”,
and “DroplnterNode” components. By comparing the fourth
baseline with the complete GraphFi in the target domain, we
can identify the ability of the UDA module to achieve domain
adaptation with a small number of unlabeled samples.
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Fig. 20. CDF of LE for four schemes in Scenario 1 and Scenario 6 in the
ablation experiment of the source domain.
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Fig. 21. Localization performance of four schemes across Scenarios 1-6 in
the ablation experiment of the source domain.

First, we evaluate the contributions of the anomaly de-
tection, “DropIntraNode,” and “DropIlnterNode” components
in the source domain. The overall performance of the four
schemes (i.e., GraphFi, “W/o Detection”, “W/o Droplntra-
Node”, and “W/o DroplnterNode”) in Scenarios 1 and 6
is presented in Figure 20. In Scenario 1, the LEs for all
schemes except “W/o DroplnterNode” are low due to both
the simplicity of the scenario and the fact that all models
are trained using CSI samples from this scenario. However,
in Scenario 6, a more practical real-world setting, the LE of
GraphFi is significantly lower than that of the other three
baselines. This preliminary result confirms the effectiveness
of each component in GraphFi. To further validate the contri-
bution of each component, we also present the performance
of the four schemes across Scenarios 1-6 in Figure 21. As
we noted earlier, these scenarios vary in their settings, as
detailed in Table I. The performance of the scheme “W/o
DropIntraNode” is significantly worse than that of GraphFi
in Scenarios 2, 4, and 6, but similar in Scenarios 1, 3, and 5.
This discrepancy arises because Scenarios 2, 4, and 6 involve
dynamic antenna configurations, while Scenarios 1, 3, and 5 do
not. Although the scalability of GNNs allows them to handle
graphs with varying numbers of nodes, this capability is not
fully realized without an appropriate training strategy. The
“DroplntraNode” in GraphFi enables it to adapt to different
node counts, effectively utilizing GNN scalability and address-
ing dynamic antenna resource allocation. Similarly, the scheme
“W/o DropInterNode” shows higher LEs compared to GraphFi
across Scenarios 1-6. This can be explained as follows: during
training, all the nodes of the inter-AP graph are used for
localization. However, in the test stage, some nodes in the
inter-AP graph may be affected by obstacles, and the anomaly
detection GNN will filter out these nodes. Consequently, the
scheme “W/o DroplnterNode” fails to adapt to the varying
number of nodes in inter-AP graphs and performs poorly.
Additionally, GraphFi consistently demonstrates lower LEs
compared to the scheme “W/o Detection” across Scenarios 1-
6, particularly in Scenarios 5 and 6 where obstacle influence is
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Fig. 22. CDF of LE for two schemes in Scenario 7 and Scenario 12 in the
ablation experiment of the target domain.

0.0
0.0 0.1 02 03 04 05 06 0.7
Localization error (m)

’é\l.2 T T T = T

\=2 [0 GraphFi C_JW/o UDA| ! !

= I T T | |
S09r - ! -
: | | ? ‘ i 3

I I _

go6r i o] T i T .
ML LS
<

8 E\ ! | | ! [
0.0 1L 1L 1l 10l EpS 1l

7 8 9 10 11 12
Fig. 23. Localization performance of two schemes across Scenarios 7-12 in
the ablation experiment of the target domain.
significant. All the above results demonstrate that the proposed
anomaly detection GNN effectively handles obstacle influence
by filtering out obstacle-affected CSI data.

We then evaluate the contribution of the UDA module in the
target domain. The overall performance of the two schemes
(i.e., GraphFi and “W/o UDA”) in Scenarios 7 and 12 is
presented in Figure 22. It can be observed that in Scenarios 7
and 12, the LEs of GraphFi are lower than those of the scheme
“W/o UDA”. To further validate the effectiveness of the UDA
module, we also present the performance of the two schemes
across Scenarios 7-12 in Figure 23. It can be observed that
the localization performance of GraphFi outperforms that of
“W/o UDA” in Scenarios 7-12. This clearly demonstrates the
critical role of the UDA module in enabling domain adaptation
for GraphFi, preventing a decline in localization performance
caused by domain shift.

In summary, all the above-mentioned findings underscore
the effectiveness of each component within GraphFi. More-
over, the careful designs ensure that these components work
synergistically, allowing GraphFi to achieve low LEs and high
robustness across various scenarios.

VIII. CONCLUSION

This paper introduces GraphFi, a cutting-edge WiFi-based
active indoor localization system. It features two innovative
graph structures: the intra-AP graph, which captures local
features from antennas within each AP, and the inter-AP graph,
which integrates global features across all available APs.
These graphs effectively handle dynamic antenna configuration
problems. Utilizing two customized GNNs, GraphFi accurately
determines user location based on these graphs. Additionally,
to address the problem of unpredictable obstacle influence,
GraphFi incorporates an anomaly detection mechanism to
filter out obstacle-affected features prior to location estimation.
Furthermore, GraphFi integrates a GRL-based UDA method to
maintain localization performance in a cost-efficient manner.
Real-world experiments show that GraphFi achieves average
LEs of 0.17 m in a single-domain setting and 0.2851 m in



a cross-domain setting. As the first study to leverage GNNs
for addressing dynamic antenna configuration and obstacle
influence in WiFi indoor localization, our work marks a
significant step toward practical WiFi-based localization.

Nevertheless, several promising directions remain for future
exploration. First, due to experimental constraints, we are
currently unable to collect large-scale data in diverse environ-
ments. We plan to address this in future work by deploying
our system in more complex and realistic settings, such
as airports and shopping malls. In addition, while GraphFi
effectively handles inconsistent data distributions caused by
sudden obstacles, its applicability to diverse environments
could be improved, and incorporating meta-learning [S1]—[53]
offers an effective means. Furthermore, this work addresses
the mitigation of obstacle-affected APs with a limited number
of APs. When the AP count is large, employing all APs for
localization can be computationally expensive; selecting an
optimal subset of APs can effectively reduce this cost [54],
which we leave for future work.
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