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 a b s t r a c t

With the rapid development of 5G-A technology, Wi-Fi-based indoor fingerprint localization has gained promi-
nence for its high-precision indoor localization. However, conventional methods often suffer from noise inter-
ference and indistinct fingerprints in complex environments, reducing the accuracy of localization. To address 
these issues, the Feature Equalization Localization Method (FELoc) based on Channel State Information (CSI) is 
proposed in this paper. A unified preprocessing strategy named WaveICA is designed to enhance fingerprint qual-
ity by combining Hierarchical Thresholding Wavelet Denoising (HTWD) for noise suppression and Independent 
Component Analysis (ICA) for extracting independent features, which effectively improves the discriminabil-
ity of CSI amplitude and phase data from multiple antennas. Additionally, Feature Equalization Localization 
Network (FELN) is designed for feature extraction and fusion, which employs dual-branch convolution with a 
Multiscale Channel-spatial Attention Module (MCAM) to enhance salient features and a novel Feature Equaliza-
tion Module (FEM) to adaptively fuse phase and amplitude representations. Extensive experiments conducted 
in diverse indoor scenarios demonstrate that FELoc achieves superior localization performance, providing both 
higher accuracy and stronger robustness compared to other methods.

1.  Introduction

With the rapid development of smart homes, industrial Internet 
of Things (IoT), and medical monitoring, high-precision indoor posi-
tioning technologies have become a critical foundation for enabling 
real-time navigation, asset tracking, and behavior monitoring applica-
tions [1–3]. Commonly used indoor positioning signals include Ultra-
Wideband (UWB), Bluetooth, and Wi-Fi. Although UWB offers key ad-
vantages such as low latency and strong resistance to interference and 
enables high-accuracy localization [4–6], its high hardware cost restricts 
its applicability in large-scale or cost-sensitive scenarios [7]. Bluetooth 
positioning is extensively used due to its low module cost and ease of de-
ployment [8–10]. Nevertheless, its signal penetration capability is sub-
optimal and it remains susceptible to violent fluctuations in densely pop-
ulated environments and areas with substantial metal shielding, which 
affect positioning stability. In contrast, Wi-Fi-based indoor positioning 
technology has gradually become a prominent area of research and ap-
plication because it can be deployed using existing communication in-
frastructure without additional hardware, and its signal contains exten-
sive spatiotemporal feature information with strong discriminability and 
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modeling potential [11–14]. However, the inherent complexity of the 
indoor spatial structure renders Wi-Fi signals susceptible to multipath 
effects and interference from environmental noise during transmission, 
resulting in a decline in positioning accuracy and compromised system 
stability. Consequently, there is a need for a Wi-Fi-based indoor local-
ization method that delivers both high accuracy and strong robustness 
to meet the practical demands of complex indoor environments.

Current Wi-Fi-based indoor localization techniques can be mainly 
categorized as either geometry or fingerprint-based. Geometry-based ap-
proaches estimate the spatial position of users or devices by measuring 
geometric characteristics of signal propagation, such as distance, Angle 
of Arrival (AoA), or Time of Arrival (ToA)[15–17]. Such methods rely 
heavily on the accuracy of time measurements, and typically require 
the deployment of multiple receivers and high-precision synchroniza-
tion equipment, resulting in high implementation costs and limited ro-
bustness. Consequently, research has shifted toward fingerprint-based 
methods.

Conventional fingerprint methods rely on the Received Signal 
Strength Indicator (RSSI) as the location feature. The RSSI distributions 
at different positions are used to construct a fingerprint database, which 
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\begin {equation}\mathbf {R}=\mathbf {HT}+\mathbf {N} \label {equation1}\end {equation}
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\begin {equation}H_{m,n}=\left |H_{m,n}\right | e^{j \angle {H}_{m,n}} \label {Xeqn3-3}\end {equation}
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\begin {equation}\text {DWT}(\mathbf {G}) \rightarrow a_L, d_l, l=1,2,\ldots ,L \label {eq:DWT}\end {equation}
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\begin {equation}{{Threshold}}_l = \sqrt {2\ln N} \cdot \left ( 1+\frac {l-1}{L}\right ),l=1,2,\ldots ,L \label {eq:threshold}\end {equation}
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\begin {equation}\mathbf {M}_c = \mu (\text {MLP}(\text {GAP}(\mathbf {y})) + \text {MLP}(\text {GMP}(\mathbf {y}))) \label {eq:CBAM_channel}\end {equation}
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\begin {equation}\mathbf {M}_s = \sigma (Conv_{1 \times 1}({[}\mathbf {S}_3;\mathbf {S}_5;\mathbf {S}_7])) \label {eq:CBAM_spatial}\end {equation}
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\begin {equation}\mathbf {F} = \mathbf {M}_s \otimes (\mathbf {M}_c \otimes \mathbf {y}) \label {eq:feature_fusion}\end {equation}
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\begin {equation}T_q = \frac {e^{z_q}}{\sum _{r=1}^{Q} e^{z_r}},q=1,2,\ldots ,Q \label {eq:softmax}\end {equation}
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\begin {equation}D = -\sum _{q=1}^{Q} \hat {T}_q \log (T_q) \label {eq:cross_entropy}\end {equation}
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\begin {equation}error = \frac {1}{Q} \sum _{p=1}^{Q} \sqrt {(\hat {x}_p-x_p)^2 + (\hat {y}_p-y_p)^2} \label {eq:position_error}\end {equation}
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enables location inference by matching real-time collected signal fea-
tures with the stored fingerprints [18–20]. Although RSSI exhibits spa-
tial discriminability, it provides only a coarse-grained estimate of over-
all channel gain and is highly vulnerable to propagation impairments, 
a limitation that becomes particularly severe under Non-Line-of-Sight 
(NLoS) conditions where localization accuracy degrades significantly 
[1].

To obtain finer-grained fingerprints, recent studies have focused on 
utilizing Channel State Information (CSI) for fingerprint localization 
[21]. CSI provides amplitude and phase information for each subcarrier, 
enabling higher spatial resolution and stable time-domain performance, 
thereby enhancing feature discrimination capabilities in fingerprint lo-
calization. Both CSI amplitude and phase can be used as fingerprints, but 
their fusion helps to capture more complete spatial features than using 
either alone [13]. However, some CSI fusion approaches perform inad-
equate signal preprocessing, which leaves residual noise that degrades 
fusion quality and weakens the generalization ability of the models. In 
addition, CSI amplitude and phase differ in their sensitivity to environ-
mental characteristics, and their relative contributions to positioning 
vary across scenarios. Most existing methods overlook this aspect and 
simply concatenate the two types of features, which restricts the effec-
tive extraction of discriminative representations.

To address the aforementioned issues, the Feature Equalization Lo-
calization Method (FELoc) is proposed in this paper, which integrates 
the WaveICA preprocessing strategy and a Feature Equalization Local-
ization Network (FELN). WaveICA employs the Hierarchical Threshold-
ing Wavelet Denoising (HTWD) on CSI signals to effectively suppress 
high-frequency noise across diverse frequency components and preserve 
salient structural information. Subsequently, Independent Component 
Analysis (ICA) is applied to the signals to construct more discrimina-
tive high-resolution fingerprint features. FELN is constructed for parallel 
processing of CSI phase and amplitude data, and a Multiscale Channel-
spatial Attention Module (MCAM) is incorporated to augment the net-
work’s response to key information. Additionally, a Feature Equalization 
Module (FEM) adaptively weights and fuses the two types of features, 
enabling the model to effectively capture the nonlinear mapping rela-
tionship between position and CSI features. The main contributions of 
this work are as follows.

1. To enhance the quality and usability of raw CSI data, WaveICA is de-
veloped by integrating HTWD and ICA. Using the proposed HTWD 
method, adaptive thresholds are applied across multiple scales to 
effectively suppress high-frequency noise while retaining essential 
structural details. Then, the CSI signals collected from multiple an-
tennas are processed through ICA to extract statistically independent 
key components, thereby mitigating feature aliasing across antennas 
and subcarriers and providing more discriminative representations 
for subsequent model learning.

2. To fully exploit the complementary information between the ampli-
tude and phase of the CSI in indoor positioning tasks, we propose 
FELN with two novel modules for efficient feature extraction and 
adaptive fusion. The MCAM enhances the model’s ability to perceive 
local salient regions and multiscale features. During the fusion stage, 
FEM enables the model to adaptively adjust the weight distribution 
of phase and amplitude based on the current scene features.

3. Comprehensive experiments conducted in multiple indoor scenar-
ios validate the effectiveness and generalization of the proposed 
method. FELoc achieves consistently higher localization accuracy 
and stability than several state-of-the-art approaches, demonstrating 
its strong adaptability to complex propagation environments.

The remainder of this paper is organized as follows. We review re-
lated works in Section 2. Section 3 introduces the preliminaries of our 
approach. We present the proposed method in Section 4 and our exper-
imental study in Section 5. Section 6 concludes this paper.

2.  Related works

Numerous CSI-based Wi-Fi indoor localization methods are pro-
posed, which can be categorized according to the types of CSI features 
as amplitude, phase, and amplitude-phase fusion-based.

2.1.  Amplitude-based localization methods

Xue et al. [22] employed a multilayer extreme learning machine 
to extract features from the CSI amplitude data and used the param-
eters of the hidden layer of the neural network as enhanced finger-
prints, which effectively improves the discriminative capability of the 
localization model. Li et al. [23] proposed an AF-DCGAN architecture, 
which augmented the fingerprint data with a Deep Convolutional Gen-
erative Adversarial Network (DCGAN) constructed using the amplitude 
features, to effectively extend the size of the fingerprint database and ac-
celerate convergence in the training phase. Zhu et al. [24] proposed the 
BLS-Location, which preprocesses amplitude data prior to input to the 
Broad Learning System (BLS) and introduces noise centers to enhance 
interference resistance. Although these methods have achieved notable 
improvements in accuracy, the capacity of CSI amplitude to discern dif-
ferences between adjacent positions remains limited. Moreover, ascer-
taining the precise location of users in environments characterized by 
multipath interference is complex, and relying solely on CSI amplitude 
often results in feature aliasing, which poses a significant challenge.

2.2.  Phase-based localization methods

To address the limitations of amplitude features, a series of location 
estimation methods have been proposed based on the CSI phase. Wu et 
al. [25] employed a structural similarity–based augmentation method to 
enhance the calibrated phase fingerprints, enabling low-cost and high-
accuracy indoor localization. Wang et al. [26] calculated the AoA using 
the CSI phase and then converted it into image input for a Deep Convo-
lutional Neural Network (DCNN), which enhanced fingerprint unique-
ness and feature expression capabilities. Liu et al. [27] introduced a 
graph convolutional network to process CSI phase, replacing manual 
calibration with non-Euclidean graph aggregation and leveraging Con-
volutional Neural Network (CNN) to capture inter-packet temporal de-
pendencies. Their end-to-end framework achieves effective phase fea-
ture extraction and substantially suppresses phase errors. Zhu et al. [28] 
proposed the ILCL system, which uses CSI phase as CNN input and in-
corporates a probability strategy based on BLS to address model transfer 
and retraining issues under environmental changes. Phase is more sensi-
tive than amplitude to small displacements, enabling higher-resolution 
localization. However, phase features exhibit weaker responses to large-
scale displacements, which may reduce overall stability.

2.3.  Localization methods based on fusion of amplitude and phase

Amplitude and phase are complementary in their perception of in-
door environments. Amplitude reflects changes in environmental struc-
ture and occlusion information and provides stable coarse-grained posi-
tioning, while phase is more sensitive to path delays and multipath ef-
fects and is therefore suitable for fine-grained corrections. Consequently, 
many studies focus on integrate these two types of features to improve 
the accuracy and robustness of positioning system.

Li et al. [29] proposed LTLoc, a system that constructs fingerprint 
features by fusing CSI amplitude with phase information and combines 
a deep neural network with a meta-learning based domain adaptation 
scheme to mitigate performance degradation of CSI fingerprinting over 
time. Zhang et al. [30] proposed a method that utilizes Long Short-
Term Memory (LSTM) to deeply explore the time-dependent relation-
ships in the preprocessed amplitude and phase data, effectively improv-
ing location accuracy. Rao et al. [13] proposed MFFALoc, which con-
structs high-resolution fingerprints by fusing CSI amplitude and phase 
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Fig. 1. The structure of WaveICA.

features and achieves robust localization under environmental varia-
tions through an unsupervised domain adaptation mechanism. Yan et 
al. [31] constructed high-dimensional fingerprints utilizing CSI ampli-
tude and phase information jointly, and employed a DCGAN-based input 
reconstruction strategy to generate clean signals, thus achieving robust 
adversarial defense in indoor localization.

Although the above fusion methods improve localization perfor-
mance through various approaches, most concatenate amplitude and 
phase features apply fixed weights, overlooking the fact that their con-
tributions to localization accuracy vary across different environments. 
The fixed weight restricts the effective utilization of complementary in-
formation between amplitude and phase and consequently reduces the 
generalization capability of the model in diverse scenarios. To address 
this issue, the FELoc is proposed to enable the adaptive fusion of mul-
tiple CSI features and enhance discriminative power in complex indoor 
environments.

3.  Preliminaries

As critical physical-layer information in Wi-Fi signal, CSI is derived 
from Orthogonal Frequency Division Multiplexing (OFDM) technology. 
It provides fine-grained spatial channel characteristics, enabling the de-
tection of physical phenomena such as signal attenuation and phase 
shifts in multipath propagation environments. Using open-source driver 
tools supported by the Intel 5300 network card, users can conveniently 
extract CSI data corresponding to each received packet, thus accurately 
capturing the state of the wireless channel [32]. At the receiver, the 
frequency domain channel model of the Wi-Fi signal can be expressed 
as

𝐑 = 𝐇𝐓 + 𝐍 (1)

where 𝐑 and 𝐓 are the respective received and transmitted signals, 𝐍 is 
Gaussian white noise. The 𝐇 from Eq. (1) is the channel matrix, which 
can be expressed as

𝐇 =

⎡

⎢

⎢

⎢

⎣

𝐻11 ⋯ 𝐻1𝑁𝑠
⋮ ⋱ ⋮

𝐻𝑁𝑟1
⋯ 𝐻𝑁𝑟𝑁𝑠

⎤

⎥

⎥

⎥

⎦

(2)

where 𝑁𝑟 and 𝑁𝑠 are the respective numbers of antennas and sub-
carriers. Eq. (2) defines the per-packet channel matrix used to represent 
the CSI observations across antennas and subcarriers. The CSI value of 
the 𝑛th subcarrier of the 𝑚th antenna is a complex number that can be 
expressed as
𝐻𝑚,𝑛 = |

|

𝐻𝑚,𝑛
|

|

𝑒𝑗∠𝐻𝑚,𝑛 (3)

where |
|

𝐻𝑚,𝑛
|

|

 and ∠𝐻𝑚,𝑛 denote amplitude and phase data, respectively. 
In the present study, we preprocess and extract features from CSI ampli-
tude and phase data as two independent datasets to obtain two features 

Fig. 2. Signal images of different levels. (a) Lower-level signal. (b) Higher-level 
signal.

representing different spatial attributes, and adaptively fuse these fea-
tures to predict locations.

4.  Proposed method

4.1.  Data preprocessing

In practical applications, CSI is often accompanied by signifi-
cant high-frequency noise and channel aliasing issues in complex in-
door environments. Multipath interference and dynamic environmen-
tal changes can significantly degrade discriminative power, adversely 
impacting the feature learning and generalization capabilities of posi-
tioning models. Consequently, raw CSI data typically require prepro-
cessing to improve the signal-to-noise ratio and feature usability. Tra-
ditional preprocessing methods have limited ability to distinguish noise 
from useful information, as they typically apply fixed thresholds to all 
data without considering scale-specific variations. In addition, they of-
ten overlook the redundancy among receiving device antennas, which 
reduces the effectiveness of key feature extraction and constrains im-
provements in positioning accuracy.

The WaveICA preprocessing method is proposed to address this is-
sue, which integrates HTWD and ICA to extract more stable and distin-
guishable core features from the original CSI signals. HTWD performs 
multiscale wavelet decomposition on the signal, and constructs a hierar-
chical thresholding strategy to suppress high-frequency noise at differ-
ent scales while preserving local details and global trend information. 
ICA is applied to the denoised CSI data from each antenna to separate 
independent key feature components, further suppressing multipath in-
terference and redundant components and enhancing the expression ca-
pability of the CSI fingerprint. Fig. 1 shows the flowchart of WaveICA. 
In the following, we present a detailed explanation.

Wavelet Domain Denoising (WDD) is generally used in signal pro-
cessing for indoor localization [33]. Nevertheless, conventional WDD 
methods typically employ a uniform threshold to process all high-
frequency components and do not account for the structural variations 
between layers. This approach has obvious limitations in practical ap-
plications. It is insufficient in suppressing strong noise, which can eas-
ily cause noise residue, while key feature components are often overly 
suppressed, leading to the loss of useful information, which ultimately 
weakens the expression ability of fingerprint features and affects the dis-
crimination performance of subsequent models. Consequently, we pro-
pose a flexible thresholding denoising method HTWD.
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Fig. 3. Diagram of the proposed FELN.

The input signal 𝐆 is decomposed using the Discrete Wavelet Trans-
form (DWT) to analyze the frequency domain features at different scales 
[34], which can be expressed as
DWT(𝐆) → 𝑎𝐿, 𝑑𝑙 , 𝑙 = 1, 2,… , 𝐿 (4)

where 𝑎𝐿 denotes the low-frequency approximation coefficients, 𝑑𝑙 de-
notes the high-frequency detail coefficients, and 𝐿 is the number of lay-
ers of the decomposition. Fig. 2 illustrates the detail subbands obtained 
from wavelet decomposition at different levels. The lower-level compo-
nents mainly capture rapid jitter and transient disturbances, which are 
dominated by strong noise. In contrast, higher-level detail components 
retain smoother oscillations and more structured variations, reflecting 
meaningful signal trends mixed with moderate noise. This observation 
suggests that the noise intensity of signal vary across scales.

However, as in [12], WDD adopts a unified threshold of 
√

2 ln𝑁
across all wavelet scales, where 𝑁 denotes the number of coefficients at 
the 𝑙th decomposition level. This fixed-threshold strategy ignores the un-
equal noise distribution across different decomposition levels and leads 
to suboptimal denoising performance. To address the above issues, a 
hierarchical thresholding strategy is employed in HTWD. For the high 
level, the part that changes slowly and contains ambient noise is strongly 
suppressed using a high threshold, while at the low level, the part that 
is characterized by high-frequency transients and contains critical lo-
calization information is processed using a low threshold. This can be 
expressed as
𝑇ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑𝑙 =

√

2 ln𝑁 ⋅
(

1 + 𝑙 − 1
𝐿

)

, 𝑙 = 1, 2,… , 𝐿 (5)

Subsequently, to mitigate discontinuous fluctuations in the signal at the 
threshold, the soft thresholding method is applied to process the high-
frequency coefficients. In this method, coefficients below the threshold 
are set to zero, while those exceeding the threshold are reduced by the 
corresponding threshold value. This enables a smooth transition and 
preserves useful signal components. The processed outputs at each level 
are then reorganized to complete the signal reconstruction, yielding a 
more refined input base for subsequent processing.

Despite the efficacy of HTWD in performing targeted denoising of 
noise at different scales while preserving useful signal details, coupling 
and redundancy still exist between different antennas as well as between 
multiple subcarrier signals in the denoised CSI data. This aliasing rela-
tionship can obscure the true spatial characteristics of the fingerprints, 

which diminishes their discriminative capacity. Inspired by the suc-
cessful application of ICA in separating independent components from 
mixed CSI signals in [35], we further incorporate ICA to enhance the 
discriminability of CSI representations. By estimating the unmixing ma-
trix, ICA isolates the key components that are independent of each other, 
effectively removing redundant interference information and highlight-
ing essential features. Ultimately, these independent components are 
utilized to reconstitute the optimized CSI representation, thereby en-
gendering a more pure and discriminative input base for the subsequent 
extraction and localization modeling of features.

It is hypothesized that the signal 𝐗 processed by HTWD consists of 
a linear mixture of multiple independent sources 𝐒, with the signal ex-
pressed as
𝐗 = 𝐀𝐒 (6)

where 𝐀 denotes the unknown mixing matrix that characterizes how the 
independent components are combined across different subcarriers and 
antennas. We then estimate the unmixing matrix 𝐖 using the FastICA 
algorithm to extract the independent source signal 𝐒. The formula is 
expressed as
𝐒 = 𝐖𝐗 (7)

Subsequently, the signal is reconstructed as 𝐗̂ = 𝐖−1𝐒, restoring the op-
timized CSI representation and further enhancing the discriminative ca-
pability of the data.

Finally, to facilitate the subsequent feature extraction by the convo-
lutional network, we reconstruct the signal into image data of dimension 
𝐾 × 𝐼 × 𝐽 , which can be interpreted as each image including 𝐾 channels 
per image, regarded as its RGB, 𝐼 packets constituting the rows of the 
image, and 𝐽 corresponding measured amplitude or phase values con-
stituting its columns of the image.

4.2.  FELN

Accurate localization of unknown targets requires the localization 
algorithm to match real-time CSI data with a pre-built fingerprint 
database. Given that CSI amplitude and phase signals are complemen-
tary in spatial perception and frequently have complex nonlinear map-
ping relationships with location, an effective model must be capable 
of simultaneously mining the intrinsic associations and leveraging the 
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complementary advantages of the two types of features. Accordingly, 
FELN is designed to fuse CSI amplitude and phase features in order 
to improve localization accuracy. It adopts a parallel architecture with 
two independent CNN branches that process amplitude and phase im-
ages separately to extract their respective hierarchical spatial represen-
tations. MCAM is introduced in each branch to enhance the network’s 
response to key regions and feature channels, thereby strengthening the 
representation of salient spatial patterns and suppressing irrelevant in-
formation. Subsequently, the model performs adaptive weighted fusion 
of the two types of features via FEM, effectively leveraging the percep-
tual advantages of amplitude and phase in different environments to 
realize more precise positioning decisions. Fig. 3 shows the FELN struc-
ture, which can be divided into feature extraction module, feature fus-
ing module and output module. Their detailed designs are described as
follows.

4.2.1.  Feature extraction module
The feature extraction stage consists mainly of alternating convolu-

tional, MCAM, and pooling layers, which together establish a comple-
mentary and synergistic relationship. Convolution operations are em-
ployed to extract local spatial patterns and texture features from the 
input data, capturing the expressive capabilities of the signal at differ-
ent receptive fields, layer by layer. Following each convolution opera-
tion, MCAM is used to adaptively enhance key regions and important 
feature channels across multiple scales, thus improving the discrimina-
tive power and robustness of feature representation. After convolution 
and attention enhancement, the model further downsamples the feature 
maps using max pooling, which reduces computational complexity by 
compressing the spatial dimension while enhancing the translation in-
variance and abstraction ability of feature representation. Additionally, 
to fully integrate feature information from different layers, the model 
downsamples shallow feature maps and concatenates them with deep 
features in the channel dimension, integrating multiscale and multilevel 
spatial features and enhancing the model’s adaptability to complex en-
vironmental changes.

The local features of the input data are extracted by the convolu-
tional layer, and the ReLU function is employed to nonlinearly transform 
the convolution result.

Since different regions of the feature maps contribute unequally to 
localization results, and traditional attention mechanisms typically ap-
ply fixed single-scale convolution operations to all spatial locations dur-
ing feature enhancement, they lack adaptive modeling of multiscale 
structures, which makes it difficult to distinguish between locally sig-
nificant regions and global contextual information and limits the ability 
of the model to capture discriminative cues that are critical for accurate 
positioning. To address this issue, we design MCAM based on the con-
volutional block attention module proposed in [36]. MCAM introduces 
a multiscale convolution structure to fuse contextual information from 
different receptive fields, thereby guiding the model to focus more com-
prehensively on discriminative feature regions. The overall structure of 
MCAM is shown in Fig. 4.

The channel attention block is designed to enhance the representa-
tion of important channels. The input feature maps 𝐲 undergo Global Av-
erage Pooling (GAP) and Global Max Pooling (GMP), and the resulting 
descriptors are passed through a shared Multilayer Perceptron (MLP). 
The MLP captures inter-channel dependencies through fully connected 
layers, after which the two output vectors are combined by element-wise 
summation. Attention weight maps for channels are then produced by 
applying an activation function. The process can be expressed as

𝐌𝑐 = 𝜇(MLP(GAP(𝐲)) +MLP(GMP(𝐲))) (8)

where 𝜇 is the sigmoid function.
The spatial attention block is constructed to highlight the target re-

gion. The feature map 𝐲′ adjusted by channel attention undergoes av-
erage pooling and max pooling along the channel dimension, and these 

Fig. 4. The structure of MCAM.

two pooling results are spliced as

𝐅𝑠𝑝𝑎𝑡𝑖𝑎𝑙 = [
1
𝑐

𝑐
∑

𝑖=1
𝐲′𝑖 ; max𝑖∈[1,𝑐]𝐲′𝑖 ] (9)

where [; ] represents the concatenation operation.
To fully extract spatial context information under different recep-

tive fields, a parallel multiscale convolution structure is adopted, uti-
lizing 3 × 3, 5 × 5 and 7 × 7 convolution kernels to extract features from 
𝐅𝑠𝑝𝑎𝑡𝑖𝑎𝑙 to obtain 𝐒3, 𝐒5 and 𝐒7. Subsequently, the three sets of outputs are 
concatenated in the channel dimension and feature fusion is performed 
through a 1 × 1 convolution layer to obtain the final spatial attention 
map, which can be expressed as

𝐌𝑠 = 𝜎(𝐶𝑜𝑛𝑣1×1([𝐒3;𝐒5;𝐒7])) (10)

The input feature map is refined by applying channel attention in-
dividually to each channel, and then followed by spatial attention to 
each spatial location, resulting in enhanced feature representations. Ap-
ply the operations defined in Eqs. (8) and (10), the resulting feature 𝐅
can be expressed as

𝐅 = 𝐌𝑠 ⊗ (𝐌𝑐 ⊗ 𝐲) (11)

where ⊗ denotes the element-wise multiplication operator. MCAM dy-
namically calibrates features through the synergistic interaction of chan-
nel and spatial attention mechanisms, combined with a dual-pooling 
strategy and multiscale feature weighting, which enables the network 
to focus on critical features while suppressing irrelevant information.

Pooling layers are employed after each convolutional block and 
MCAM to progressively reduce the spatial resolution and suppress re-
dundant information while retaining essential feature patterns. In addi-
tion, shallow features are further downsampled to align with the resolu-
tion of deeper layers, and the downsampled maps are concatenated with 
higher-level features. This design enables the network to integrate low-
level structural details with high-level semantic representations, thereby 
enriching the feature space for localization.
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Fig. 5. The structure of FEM.

4.2.2.  Feature fusion module
In wireless sensing tasks, the amplitude and phase of CSI are used to 

represent the spatial characteristics of the channel from different angles. 
The amplitude chiefly reflects energy attenuation that occurs during sig-
nal propagation, while the phase contains information about path differ-
ences caused by multipath propagation. The distinct physical meanings 
embodied by these two types of features lead to significant variation in 
their contributions to positioning performance across different environ-
mental conditions. However, most existing fusion methods rely on fixed 
weights or simple concatenation of amplitude and phase features, which 
ignores the fact that the salience of these features can vary dynamically 
with environmental conditions. As a result, the robustness and gener-
alization capability of the model are reduced in complex scenarios. To 
address this issue, FEM is designed to adaptively fuse amplitude and 
phase features, whose structure is shown in Fig. 5.

The FEM adaptively calibrates the relative contributions of phase 
and amplitude features on a per-sample basis through a lightweight 
gating mechanism. Given branch features 𝐘𝑝ℎ𝑎 and 𝐘𝑎𝑚𝑝, FEM first 
forms feature descriptors by applying GAP, producing 𝐝𝑝ℎ𝑎 = GAP(𝐘𝑝ℎ𝑎)
and 𝐝𝑎𝑚𝑝 = GAP(𝐘𝑎𝑚𝑝), which summarize the global activation patterns 
most indicative of the importance of each feature. These descriptors 
are processed by small fully connected layers specific to features to 
obtain unnormalized importance scores 𝛼̂ = 𝜎(𝐰⊤

𝑝ℎ𝑎𝐝𝑝ℎ𝑎 + 𝐛𝑝ℎ𝑎) and 𝛽 =
𝜎(𝐰⊤

𝑎𝑚𝑝𝐝𝑎𝑚𝑝 + 𝐛𝑎𝑚𝑝), where 𝜎(⋅) is a sigmoid function, 𝐰𝑝ℎ𝑎 and 𝐰𝑎𝑚𝑝
are learnable weight vectors that project the descriptors into scalar 
importance scores. To produce a stable and interpretable weighting, 
FEM applies normalization 𝛼 = 𝛼̂∕(𝛼̂ + 𝛽) and 𝛽 = 𝛽∕(𝛼̂ + 𝛽), ensuring 
that 𝛼 + 𝛽 = 1. These coefficients are multiplied with their correspond-
ing feature maps before being summed to obtain the fused representa-
tion, which can be expressed as
𝐅𝑚𝑒𝑟𝑔𝑒𝑑 = [𝛼𝐘𝑝ℎ𝑎; 𝛽𝐘𝑎𝑚𝑝] (12)

During training the task loss backpropagates through both the gating 
pathway and the feature extraction layers, which updates 𝐰𝑝ℎ𝑎 and 𝐰𝑎𝑚𝑝
so that 𝛼 increases when phase information is more discriminative and 
𝛽 increases when amplitude information is more relevant. This adaptive 
weighting mechanism not only addresses the drawbacks of static fusion 
and naive concatenation, but also enhances interpretability. As shown in 
Eq. (12), the learnable coefficients 𝛼 and 𝛽 act as explicit scalar indica-
tors of modality importance, allowing the network to reveal the relative 
contribution of each feature during fusion.

4.2.3.  Output module
After completing weighted fusion of amplitude and phase features, 

the fused features are then input to the fully connected layer, which is 
used at the end of the network to map high-dimensional features to spe-
cific category label spaces. In the classification output layer, the Softmax 
function is employed to convert the output of the fully connected layer 

Fig. 6. The framework of FELoc.

into a probability distribution, representing the likelihood of a sample 
belonging to all categories. The Softmax function is defined as

𝑇𝑞 =
𝑒𝑧𝑞

∑𝑄
𝑟=1 𝑒

𝑧𝑟
, 𝑞 = 1, 2,… , 𝑄 (13)

where 𝑒𝑧𝑞  is the un-normalized probability of the 𝑞th category and 𝑄 is 
the number of labels. Throughout the process we use Stochastic Gradient 
Descent (SGD) for optimization, updating the parameters by minimiz-
ing the gradient of the loss function. Cross-entropy is used as the loss 
function, which is defined as

𝐷 = −
𝑄
∑

𝑞=1
𝑇̂𝑞 log(𝑇𝑞) (14)

where 𝑇𝑞 is the indicator variable, if the sample belongs to class q, then 
𝑇𝑞 = 1, otherwise 𝑇𝑞 = 0. In addition, dropout technology is employed 
in the feature extraction stage and the fully connected layer. This pre-
vents neurons from becoming overly dependent on specific features by 
randomly discarding neurons with a specific probability and thereby 
preventing model overfitting.

4.3.  Position prediction

The entire positioning process can be divided into offline training 
and online prediction stages, with the overall architecture shown in 
Fig. 6. In offline training, the system uses WaveICA to preprocess the 
obtained raw CSI signals, extracting more stable and distinguishable 
amplitude and phase features. The data are then converted into corre-
sponding image formats and used as input for FELN training, ultimately 
yielding a positioning model that characterizes the mapping relationship 
between CSI fingerprints and spatial positions. In online prediction, the 
system receives CSI data from the device to be located in real time and 
performs the same preprocessing steps as in the offline stage to obtain 
phase and amplitude feature images. These images are then fed into 
the trained model, which applies the learned parameters to weight and 
combine features through forward inference, ultimately outputting the 
corresponding location category.

To improve system stability and robustness in real-world scenarios, 
we introduce a multi-sample joint prediction strategy aimed at mitigat-
ing the random errors that may exist in single-sample predictions. At 
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Table 1 
Comparisons of different methods.

Methods Features Preprocessing Model Types  Mean Error (m)
 Meeting Room  Laboratory

 FELoc (Ours)  Amplitude & Phase  WaveICA + Convert into image  Dual-branch CNN + MCAM + FEM  0.83  1.AAResCNN
 AAResCNN [21]  Amplitude & Phase  N/A  Attention-augmented residual CNN  1.04  2.35
 ILCL [2]  Phase  Convert into image  CNN + BLS  1.29  2.53
 CiFi [26]  Phase  Convert into image  DCNN  3.59  4.57
 Bayes [37]  RSSI  Histogram Gaussian fitting  Bayes Filter  3.37  4.97
 EnsemLoc [38]  Amplitude  Z-score standardization  Bagging + BLS  1.46  2.54
 CNN-LSTM [39]  Amplitude  Median Filter  CNN + LSTM  2.66  3.75
 SWIM [40]  Amplitude  Principal Component Analysis (PCA)  Support Vector Machine (SVM)  3.23  5.67
 BLS-Location [24]  Amplitude  PCA + Kalman filter + Expectation maximization  BLS + Bayes  2.96  4.27
 AF-DCGAN [23]  Amplitude  Convert into image  DCGAN  4.27  5.68

Fig. 7. Mean error compare with other methods.

each location, multiple CSI samples are collected, and their classifica-
tion probability distributions are independently calculated. The cate-
gory corresponding to the maximum Softmax probability is then taken 
as the preliminary prediction result for that sample. Considering that the 
multiple prediction values of each sampling point approximately follow 
a normal distribution, K-means clustering is then used to cluster these 
prediction results as one group. The cluster centers are ultimately used 
as the final prediction result for that location. This method effectively 
reduces the impact of single-sample bias and improves the positioning 
stability and decision reliability of the model in complex environments.

5.  Experiments and performance analysis

5.1.  Experimental setup

In this study, two publicly available indoor CSI datasets provided by 
Zhu et al. [28] are utilized to evaluate the performance and robustness 
of FELoc. The datasets are collected using Intel 5300 NICs equipped 
with three antennas on both the transmitter and receiver sides, operating 
under the IEEE 802.11n standard in the 5 GHz frequency band. The 
sampling frequency is 100 Hz, and each sampling point contains 1500 
CSI packets over 30 subcarriers.

The first dataset corresponds to a 10.5 × 12 m2 meeting room char-
acterized by an unoccupied, open interior, representing a Line-of-Sight 
(LoS) scenario with 176 sampling points. The second dataset is collected 
in a 13.5 × 11 m2 laboratory containing numerous obstacles, where se-
vere signal obstruction and human movement occurred during data ac-
quisition, forming an NLoS scenario with 317 sampling points.

To mitigate random fluctuations in the wireless channel, a subset of 
900 packets is selected from each location for model training and evalu-
ation. The dataset is divided into 80% for training and 20% for testing. 

Fig. 8. CDFs of various methods in meeting room.

Fig. 9. CDFs of various methods in laboratory.

To evaluate the performance of the positioning method, the average po-
sition error is used, which can be expressed as

𝑒𝑟𝑟𝑜𝑟 = 1
𝑄

𝑄
∑

𝑝=1

√

(𝑥̂𝑝 − 𝑥𝑝)2 + (𝑦̂𝑝 − 𝑦𝑝)2 (15)

where (𝑥̂𝑝, 𝑦̂𝑝) is the predicted position, while (𝑥𝑝, 𝑦𝑝) is the actual posi-
tion.
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Fig. 10. Raw data of different antennas. (a) Antenna 1. (b) Antenna 2. (c) Antenna 3.

Fig. 11. Characteristic plots of different antennas after preprocessing. (a) Antenna 1. (b) Antenna 2. (c) Antenna 3.

5.2.  Comparison of different methods

To evaluate the effectiveness of the proposed method, we compare 
FELoc with some state-of-the-art localization methods, including [2], 
[21], [23], [24], [26] and [37]–[40], across two representative indoor 
experimental scenarios. The result is shown in Table 1, which demon-
strates that FELoc delivers consistently higher localization accuracy 
in both LoS and NLoS environments. This improvement is mainly at-
tributed to the combined effect of the preprocessing scheme and the 
dual-branch learning architecture, which together enhance the quality 
of the extracted features and reduce the impact of multipath interfer-
ence. Consequently, FELoc maintains stable performance in complex in-
door settings, particularly those with severe signal distortion.

Fig. 7 shows the average localization errors of FELoc and other meth-
ods in two scenarios. In the meeting room, the average error of FELoc is 
0.83 m, which is significantly less than the error of the comparison meth-
ods. Although the average errors of AAResCNN and ILCL are also main-
tained within 1.3 m, FELoc achieves accuracy improvements of 20% and 
36% over AAResCNN and ILCL, respectively, demonstrating its superior 
feature discrimination capability. In the laboratory, due to severe mul-
tipath interference and complex environmental noise, the positioning 
accuracy of most methods decreases significantly. The SWIM algorithm 
demonstrates the most significant increase in error and reaches 5.67 
m, which suggests that this scenario presents considerable challenges to 
conventional methods. FELoc achieves an average error of 1.37 m in this 
environment, still significantly outperforming other methods and repre-
sents an improvement of 42% over AAResCNN. This result fully demon-
strates that FELoc can maintain stable and high-precision localization 

performance in various indoor scenarios, with advantages particularly 
prominent in complex and high-noise environments.

Although the average error provides a quantitative measure of over-
all performance, it is a single value that cannot fully capture the distribu-
tion of localization errors. To more intuitively evaluate the performance 
of each algorithm in different error intervals, we introduce the Cumula-
tive Distribution Function (CDF) to analyze the experimental results, as 
shown in Figs. 8 and 9, which demonstrate the CDF of each method in 
the respective laboratory and meeting room.

As shown in Fig. 8, FELoc, AAResCNN, ILCL and EnsemLoc all ex-
hibit robust high-precision positioning capabilities, with over 80% of 
samples exhibiting positioning errors below 2 m in the meeting room. 
This indicates that they exhibit robust performance in scenarios char-
acterized by relatively simple structures and stable channels. In partic-
ular, FELoc outperforms other algorithms in terms of the overall curve 
slope and ascent rate, demonstrating stronger positioning stability. De-
spite the similar CDF curvature and the slightly smaller maximum error 
of AAResCNN, FELoc achieves better overall localization performance, 
confirming its stronger suitability for LoS scenarios.

As shown in Fig. 9, the positioning accuracy of all methods decreases 
to varying degrees due to the challenges posed by complex indoor envi-
ronment characterized by severe multipath propagation. However, FE-
Loc maintains a high accuracy rate, with its CDF curve consistently 
leading other comparison methods in most error ranges, signifying its 
stronger noise immunity in high-interference environments. In contrast, 
the curves of methods such as SWIM and Bayes are noticeably flatter, 
indicating that their positioning errors fluctuate significantly in com-
plex scenarios, with insufficient robustness. FELoc achieves positioning 
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Fig. 12. Effect of preprocessing in meeting room.

Fig. 13. Effect of preprocessing in laboratory.

errors below 3 m in 80% of samples, while AAResCNN and ILCL require 
a larger error range to cover the same proportion of samples, further 
demonstrating the broad adaptability and stability of FELoc in different 
scenarios.

In summary, the comparison of the average error and the CDF val-
idates that FELoc significantly outperforms other methods in terms of 
error distribution, localization stability, and high-precision sample cov-
erage. This indicates that FELoc effectively suppresses high-frequency 
noise and channel aliasing in the original CSI signals through the Wave-
ICA preprocessing strategy and fully exploits the complementary char-
acteristics of CSI amplitude and phase under different environmental 
conditions through the FELN.

5.3.  Impact of WaveICA-based data preprocessing

We visualize the CSI data packets of each receiving antenna on 30 
subcarriers, as shown in Fig. 10. It can be clearly observed that different 
antennas of the same receiver exhibit significant differences in the fea-
ture distribution of received signals, reflecting nonuniform perception 
of channel information caused by variations in position, orientation, and 
multipath propagation. Nevertheless, many positioning methods ideal-
ize the multi-antenna data from receivers and disregard the inherent 
differences between antennas by assuming that they receive identical 
information, which limits the ability to represent features effectively.

To address the above issues, this paper introduces WaveICA in the 
preprocessing stage. By fully exploiting the channel diversity across an-
tennas, the method generates CSI feature representations with signifi-
cantly improved discrimination. Fig. 11 shows the CSI feature maps of 

Fig. 14. Module ablation in two environments.

different antennas after WaveICA processing, where the processed maps 
appear smoother overall and exhibit significantly fewer data jumps, in-
dicating effective suppression of high-frequency noise. This improve-
ment is attributed to the multiscale analysis capability and the hierarchi-
cal thresholding strategy of HTWD, which together enable the precise 
preservation of local details that are crucial for accurate localization. 
The incorporation of ICA further extracts the independent core compo-
nents of each antenna, effectively enhancing the purity and discrimi-
native capability of the CSI features. This results in providing a more 
reliable feature foundation for subsequent positioning modeling.

To further validate the effectiveness of WaveICA preprocessing at 
improving localization performance, we applied it to several typical lo-
calization methods that are sensitive to complex environments, RADAR 
[41], Horus [42], SWIM [40], and MLP. We used both raw CSI data and 
WaveICA-processed data as fingerprint data and conducted comparative 
experiments in two indoor environments. Positioning accuracy differ-
ences are compared to assess the practical effectiveness of WaveICA in 
enhancing signal discriminability and robustness.

Fig. 12 compares the experimental results in the meeting room, 
which demonstrate that, with the exception of MLP, all algorithms ex-
hibit a reduction in localization error after the introduction of WaveICA, 
implying that the proposed preprocessing method contributes to im-
proved localization performance in this scenario. Although MLP shows 
a slight decrease in accuracy when using the preprocessed data, the 
change in error is minimal, and its overall performance remains compa-
rable to that attained with the original data.

Fig. 13 compares the experimental results in the laboratory, which 
demonstrate that, WaveICA substantially enhances positioning accu-
racy. Specifically, for the RADAR algorithm, the mean positioning error 
is reduced by 35%, while Horus, MLP and SWIM improve by 8%, 18%, 
and 15%, respectively. This indicates that WaveICA can effectively re-
move high-frequency noise and suppress channel aliasing, thereby en-
hancing the purity and discriminative ability of CSI features.

The results in Figs. 12 and 13 reveal that WaveICA exhibits only a 
marginal enhancement in positioning performance in the meeting room 
compared to the laboratory. These results can be explained by the fact 
that the meeting room is a LoS scenario with stable Wi-Fi channels, 
where the original CSI fingerprints already exhibit good distinguisha-
bility. Consequently, additional preprocessing does not substantially en-
hance performance. In the more challenging NLoS scenario, WaveICA 
shows a more pronounced advantage, effectively mitigating multipath 
interference and noise effects and significantly enhancing the position-
ing robustness of various algorithms. This indicates that WaveICA ef-
fectively suppresses environmental noise through HTWD and ICA, pro-
viding more reliable and more discriminative features for subsequent 
localization models.
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5.4.  Module ablation experiments

The substantial presence of redundant and invalid information in CSI 
phase and amplitude images makes direct feature extraction with a CNN 
prone to introducing noise and omitting crucial structural information. 
To overcome this limitation, MCAM is designed to enhance the discrimi-
native power of feature responses while improving the network’s ability 
to adapt to CSI characteristics at multiple scales. Additionally, consid-
ering the different sensitivities of the CSI amplitude and phase to envi-
ronmental perception, to address the issue of inconsistent contribution 
of the two features across different scenarios, the proposed FEM enables 
dynamic weighting adjustment of phase and amplitude features.

To evaluate the effectiveness of the two modules in improving local-
ization accuracy, an ablation study is conducted by removing either the 
MCAM or FEM module while leaving the rest of the network architecture 
unchanged. This allows for the assessment of the individual contribution 
of each module to overall performance. Fig. 14 shows the findings from 
the ablation experiment conducted in different environments, indicating 
that both MCAM and FEM enhance the model’s performance, with FEM 
demonstrating a more substantial impact. In particular, the elimination 
of MCAM results in a decline in localization accuracy that exceeds 25% 
across a range of environments.The exclusion of FEM results in a more 
marked deterioration in performance, with an accuracy decline of ap-
proximately 37% in the meeting room and up to 49% in the laboratory.

The above results indicate that MCAM effectively captures key spa-
tial features through multiscale mechanisms operating in various recep-
tive fields, enhancing the network’s ability to model both local and 
global structures. Additionally, FEM fully leverages the complemen-
tarity between phase and amplitude data by dynamically learning the 
weight distribution strategy for specific samples, which avoids feature 
conflicts and information redundancy introduced by direct concatena-
tion. Both modules significantly enhance the model’s adaptability and 
discrimination performance across diverse scenarios.

5.5.  Adaptive weighting analysis via FEM

To further investigate the behavior and effectiveness of the FEM in 
adaptively balancing amplitude and phase contributions, we designed 
a dedicated visualization experiment by monitoring the evolution of its 
learned feature weights throughout the training process. Specifically, at 
the end of each training epoch, we recorded the normalized attention 
coefficients 𝛼 and 𝛽 assigned to the phase and amplitude branches, re-
spectively, along with the corresponding validation loss. By analyzing 
these trends over time, we aim to determine whether FEM dynamically 
adjusts the weighting of the two types of features in response to their dis-
criminative power and whether such adjustments correlate with model 
convergence and performance improvement.

Figs. 15 and 16 illustrate the evolution of phase weight 𝛼 and am-
plitude weight 𝛽 over 100 epochs in two distinct environments. In both 
cases, the early training stage is marked by sharp oscillations in 𝛼 and 𝛽, 
accompanied by a rapid drop in validation loss. This behavior reflects 
the dynamic reallocation of phase and amplitude contributions by the 
FEM on the basis of the statistical characteristics of the input, enabling 
it to quickly establish an effective fusion regime. In the meeting room, 
𝛽 converges to roughly 0.68 while 𝛼 stabilizes around 0.32, indicating 
that in a low-obstruction, more stable channel environment, amplitude 
features capture structural information more reliably and thus receive 
a higher fusion weight. In contrast, 𝛼 gradually increases to about 0.61 
while 𝛽 declines to approximately 0.39 in the laboratory, revealing that 
under richer multipath and occlusion, phase features are more discrim-
inative to distinguish locations, prompting FEM to emphasize the phase 
branch. In both settings, the stabilization of 𝛼 and 𝛽 closely coincides 
with the plateau of validation loss, underscoring the alignment between 
the learned weight distribution and model convergence.

These results confirm the operational principle of FEM. The mod-
ule first applies GAP to the phase and amplitude feature maps to ob-

Fig. 15. Weight and validation loss with FEM integration in meeting room.

Fig. 16. Weight and validation loss with FEM integration in laboratory.

tain compact global descriptors for each feature. Each descriptor is then 
processed by its own two-layer perceptron with a ReLU hidden unit 
followed by a sigmoid unit, producing a scalar gate 𝛼 for phase and 
𝛽 for amplitude. The two scalars are normalized by their sum so that 
𝛼 + 𝛽 = 1, which induces a competitive trade-off between features. The 
normalized coefficients are broadcast and used to weight the corre-
sponding feature maps before they are fused. During training, gradients 
from the task loss backpropagate through this fusion path and update 
the perceptron parameters, leading the feature that more effectively re-
duces the loss to receive a larger normalized weight while the other is 
attenuated. The resulting amplitude dominant configuration in the sim-
pler meeting room scenario and phase dominant configuration in the 
more complex lab scenario demonstrate that FEM adaptively balances 
features with the environment and enhances robustness and generaliza-
tion without significant computational overhead.

5.6.  Complexity analysis

Power consumption in deep learning models can be approximated as 
being proportional to the number of floating-point operations (FLOPs). 
In FELoc, the additional computational overhead mainly comes from the 
proposed WaveICA, FEM, and MCAM. WaveICA consists of HTWD and 
ICA and processes each CSI sequence of length 𝑁 . The wavelet trans-
form and reconstruction have linear complexity 𝑂(𝑁), while ICA is ap-
plied to each matrix of size 𝑑 × 𝑛 with 𝑑 = 30 subcarriers and 𝑛 = 900
sampling points, leading to a complexity of 𝑂(𝑡 ⋅ 𝑑2 ⋅ 𝑛), where 𝑡 repre-
sents the number of iterations. Since the ICA unmixing matrix can be 
pre-estimated offline, the online stage only requires a matrix projec-
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tion, which incurs negligible FLOPs. FEM consists of two GAP layers 
and lightweight MLPs with a reduction ratio 𝑟. The parameter size is 
on the order of 2𝐶2

𝑟 , where 𝐶 is the number of channels in the fused 
feature map, and the additional FLOPs contribute less than 2% of the 
backbone CNN, so the incremental power cost is minimal. MCAM inte-
grates three parallel convolutions with kernel sizes of 3 × 3, 5 × 5, and 
7 × 7, followed by a 1 × 1 fusion convolution. These operations are ap-
plied to relatively small feature maps, for example 15×15 or 7×7, and 
the additional FLOPs remain below 10% of the backbone. Overall, Wave-
ICA does not add noticeable online computational cost, FEM introduces 
negligible FLOPs, and MCAM brings only a limited increase in FLOPs. 
Therefore, FELoc achieves significant improvements in localization ac-
curacy with minimal impact on power consumption and remains prac-
tical for deployment on WiFi access points and edge devices.

6.  Conclusion and future work

In this paper, a novel feature equalization method named FELoc is 
proposed to address the challenges of noise interference, feature alias-
ing, and suboptimal fusion strategies in Wi-Fi indoor fingerprint local-
ization. The WaveICA preprocessing strategy, which integrates HTWD 
and ICA, is introduced to enhance the purity and discriminability of 
the CSI amplitude and phase data. Furthermore, the FELN is designed 
with a dual-branch convolutional architecture. The MCAM is incorpo-
rated to adaptively capture and enhance discriminative spatial and chan-
nel features across multiple scales, while the FEM is proposed to dy-
namically balance the contributions of amplitude and phase features 
through a learnable gating mechanism. Extensive experimental results 
demonstrate that the proposed method achieves superior localization 
accuracy and robustness in diverse indoor environments, significantly 
outperforming other methods.

In future work, we will extend experiments to larger-scale scenar-
ios and incorporate Inertial Measurement Unit (IMU) data for motion-
aware localization. By combining Wi-Fi fingerprinting with IMU-based 
trajectory prediction, we aim to develop a more continuous and reliable 
positioning framework suited to dynamic real-world environments.

CRediT authorship contribution statement

Ken Long: Resources, Investigation; Jincheng Yang: Writing – 
review & editing, Writing – original draft, Visualization, Validation, 
Methodology, Data curation; Guoxu Xia: Investigation.

Declaration of competing interest

The authors declare that they have no known competing financial 
interests or personal relationships that could have appeared to influence 
the work reported in this paper. 

References

[1] P.S. Farahsari, A. Farahzadi, J. Rezazadeh, A. Bagheri, A survey on indoor posi-
tioning systems for IoT-based applications, IEEE Internet Things J. 9 (10) (2022) 
7680–7699.

[2] X. Zhu, W. Qu, T. Qiu, L. Zhao, M. Atiquzzaman, D.O. Wu, Indoor intelligent 
fingerprint-based localization: Principles, approaches and challenges, IEEE Com-
mun. Surv. Tutorials 22 (4) (2020) 2634–2657.

[3] J. Huang, C. Yang, F. Yang, S. Zhang, A. Tolba, A. Jolfaei, K. Yu, Deep reinforce-
ment learning-based spectrum resource allocation for the web of healthcare things 
with massive integrating wearable gadgets, Digital Commun. Netw. 11 (3) (2025) 
671–680.

[4] D. Chiasson, Y. Lin, M. Kok, P.B. Shull, Asynchronous hyperbolic UWB source-
localization and self-localization for indoor tracking and navigation, IEEE Internet 
Things J. 10 (13) (2023) 11655–11668.

[5] A. Olejniczak, O. Blaszkiewicz, K.K. Cwalina, P. Rajchowski, J. Sadowski, LOS and 
NLOS identification in real indoor environment using deep learning approach, Dig-
ital Commun. Netw. 10 (5) (2024) 1305–1312.

[6] L. Cheng, C. Cui, H. Zhang, A robust indoor vehicle localization strategy based on 
UWB and INS, IEEE Trans. Veh. Technol. PP (99) (2025) 1–11.

[7] H.-H. Cheng, J.-S. Leu, J.-X. Liu, Two-phase positioning system based on the fusion 
of Wi-Fi signal strength and pose estimation, IEEE Syst. J. 17 (3) (2023) 4866–4873.

[8] Z. Luo, W. Li, Y. Wu, H. Dong, L. Bian, W. Wang, Accurate indoor localization 
for bluetooth low energy backscatter, IEEE Internet Things J. 12 (2) (2024) 1805–
1816.

[9] X. Kong, C. Wu, Y. You, Z. Lv, Z. Zhao, Hybrid indoor positioning method of BLE 
and monocular VINS-based smartphone, IEEE Tran. Instrum. Meas. 72 (2023) 1–13.

[10] L.-F. Shi, R. Zeng, F. Jing, Y. Shi, Weighted least squares bluetooth localiza-
tion method based on data preprocessing, IEEE Internet Things J. 11 (23) (2024) 
38291–38300.

[11] S. Yang, D. Zhang, G. Wang, J. Chen, Z. Lu, Q. Sun, Y. Chen, HLoc: Exploiting Height 
Difference for WiFi Indoor Localization With Single Commercial AP, IEEE Sensors 
J. 24 (24) (2024) 41424–41436.

[12] X. Liu, R. Wu, H. Zhang, Z. Chen, Y. Liu, T. Qiu, Graph temporal convolution 
network-based wifi indoor localization using fine-grained csi fingerprint, IEEE Sen-
sors J. PP (99) (2025) 1.

[13] X. Rao, Z. Luo, Y. Luo, Y. Yi, G. Lei, Y. Cao, MFFALoc: CSI-based multifeatures fusion 
adaptive device-free passive indoor fingerprinting localization, IEEE Internet Things 
J. 11 (8) (2023) 14100–14114.

[14] G. Zhang, D. Zhang, H. Deng, Y. Wu, F. Zhan, Y. Chen, Practical passive indoor 
localization with intelligent reflecting surface, IEEE Trans. Mobile Comput. 23 (12) 
(2024) 12477–12490.

[15] S. Yang, D. Zhang, R. Song, P. Yin, Y. Chen, Multiple WiFi access points co-
localization through joint AoA estimation, IEEE Trans. Mobile Comput. 23 (2) (2023) 
1488–1502.

[16] R.M. Rao, D.-R. Emenonye, Iterative rndop-optimal anchor placement for beyond 
convex hull toa-based localization: Performance bounds and heuristic algorithms, 
IEEE Trans. Veh. Technol. 73 (5) (2024) 7287–7303.

[17] Y. Li, J. Yang, S.-L. Shih, W.-T. Shih, C.-K. Wen, S. Jin, Efficient iot devices localiza-
tion through wi-fi csi feature fusion and anomaly detection, IEEE Internet Things J. 
11 (24) (2024) 39306–39322.

[18] M. Zhou, Y. Liu, Y. Wang, Z. Tian, Anonymous crowdsourcing-based WLAN indoor 
localization, Digital Commun. Netw. 5 (4) (2019) 226–236.

[19] Y. Wang, H. Cheng, M.Q.-H. Meng, A learning-based sequence-to-sequence wifi 
fingerprinting framework for accurate pedestrian indoor localization using uncon-
strained RSSI, IEEE Internet Things J. pp (99) (2025) 1.

[20] V. Tilwari, S. Pack, M. Maduranga, H. Lakmal, An improved wi-fi rssi-based in-
door localization approach using deep randomized neural network, IEEE Trans. Veh. 
Technol. 73 (12) (2024) 18593–18604.

[21] B. Zhang, H. Sifaou, G.Y. Li, CSI-fingerprinting indoor localization via attention-
augmented residual convolutional neural network, IEEE Trans. Wireless Commun. 
22 (8) (2023) 5583–5597.

[22] J. Xue, J. Zhang, Z. Gao, W. Xiao, Enhanced WiFi CSI fingerprints for device-
free localization with deep learning representations, IEEE Sensors J. 23 (3) (2022) 
2750–2759.

[23] Q. Li, H. Qu, Z. Liu, N. Zhou, W. Sun, S. Sigg, J. Li, AF-DCGAN: amplitude feature 
deep convolutional GAN for fingerprint construction in indoor localization systems, 
IEEE Trans. Emerg. Top. Comput. Intell. 5 (3) (2019) 468–480.

[24] X. Zhu, T. Qiu, W. Qu, X. Zhou, M. Atiquzzaman, D.O. Wu, BLS-location: a wire-
less fingerprint localization algorithm based on broad learning, IEEE Trans. Mobile 
Comput. 22 (1) (2021) 115–128.

[25] W. Wei, J. Yan, X. Wu, C. Wang, G. Zhang, CSI fingerprinting for device-free local-
ization: phase calibration and SSIM-based augmentation, IEEE Wireless Commun. 
Lett. 11 (6) (2022) 1137–1141.

[26] X. Wang, X. Wang, S. Mao, Deep convolutional neural networks for indoor localiza-
tion with CSI images, IEEE Trans. Netw. Sci. Eng. 7 (1) (2018) 316–327.

[27] W. Liu, Q. Cheng, Z. Deng, M. Jia, C-GCN: a flexible CSI phase feature extraction 
network for error suppression in indoor positioning, Entropy 23 (8) (2021) 1004.

[28] X. Zhu, W. Qu, X. Zhou, L. Zhao, Z. Ning, T. Qiu, Intelligent fingerprint-based local-
ization scheme using CSI images for Internet of Things, IEEE Trans. Netw. Sci. Eng. 
9 (4) (2022) 2378–2391.

[29] Z. Li, X. Rao, Toward long-term effective and robust device-free indoor localiza-
tion via channel state information, IEEE Internet Things J. 9 (5) (2021) 3599–
3611.

[30] Y. Zhang, C. Qu, Y. Wang, An indoor positioning method based on CSI by using fea-
tures optimization mechanism with LSTM, IEEE Sensors J. 20 (9) (2020) 4868–4878.

[31] Q. Yan, W. Xiong, H.-M. Wang, Secure indoor localization against adversarial attacks 
using DCGAN, IEEE Commun. Lett. 29 (1) (2024) 130–134.

[32] Y. Chu, K. Cumanan, S.K. Sankarpandi, S. Smith, O.A. Dobre, Deep learning-based 
fall detection using WiFi channel state information, IEEE Access 11 (1) (2023) 
83763–83780.

[33] Z. Cui, Y. Gao, J. Hu, S. Tian, J. Cheng, LOS/NLOS identification for indoor UWB 
positioning based on Morlet wavelet transform and convolutional neural networks, 
IEEE Commun. Lett. 25 (3) (2020) 879–882.

[34] M. Grobbelaar, S. Phadikar, E. Ghaderpour, A.F. Struck, N. Sinha, R. Ghosh, M.Z.I. 
Ahmed, A survey on denoising techniques of electroencephalogram signals using 
wavelet transform, Signals 3 (3) (2022) 577–586.

[35] Y. Zeng, Z. Liu, D. Wu, J. Liu, J. Zhang, D. Zhang, A multi-person respiration mon-
itoring system using COTS wifi devices, in: Adjunct Proceedings of the 2020 ACM 
International Joint Conference on Pervasive and Ubiquitous Computing and Pro-
ceedings of the 2020 ACM International Symposium on Wearable Computers, 2020, 
pp. 195–198.

[36] S. Woo, J. Park, J.-Y. Lee, I.S. Kweon, Cbam: convolutional block attention module, 
in: Proceedings of the European conference on computer vision (ECCV), 2018, pp. 
3–19.

[37] D.N. Fernández, Implementation of a WiFi-based indoor location system on a mobile 
device for a university area, in: 2019 IEEE XXVI International Conference on Elec-
tronics, Electrical Engineering and Computing (INTERCON), IEEE, 2019, pp. 1–4.

Digital Communications and Networks 12 (2026) 813–824 

823 

http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0001
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0001
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0001
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0002
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0002
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0002
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0003
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0003
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0003
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0003
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0004
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0004
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0004
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0005
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0005
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0005
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0006
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0006
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0007
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0007
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0008
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0008
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0008
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0009
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0009
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0010
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0010
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0010
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0011
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0011
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0011
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0012
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0012
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0012
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0013
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0013
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0013
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0014
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0014
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0014
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0015
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0015
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0015
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0016
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0016
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0016
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0017
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0017
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0017
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0018
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0018
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0019
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0019
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0019
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0020
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0020
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0020
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0021
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0021
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0021
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0022
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0022
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0022
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0023
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0023
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0023
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0024
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0024
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0024
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0025
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0025
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0025
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0026
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0026
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0027
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0027
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0028
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0028
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0028
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0029
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0029
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0029
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0030
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0030
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0031
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0031
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0032
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0032
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0032
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0033
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0033
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0033
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0034
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0034
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0034
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0035
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0035
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0035
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0035
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0035
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0036
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0036
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0036
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0037
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0037
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0037


K. Long, J. Yang and G. Xia

[38] C. Wu, T. Qiu, C. Zhang, W. Qu, D.O. Wu, Ensemble strategy utilizing a broad learn-
ing system for indoor fingerprint localization, IEEE Internet Things J. 9 (4) (2021) 
3011–3022.

[39] M.T. Hoang, B. Yuen, K. Ren, X. Dong, T. Lu, R. Westendorp, K. Reddy, A CNN-LSTM 
quantifier for single access point CSI indoor localization, arXiv:2020.06394.

[40] M. Chen, K. Liu, J. Ma, Y. Gu, Z. Dong, C. Liu, SWIM: speed-aware WiFi-based passive 
indoor localization for mobile ship environment, IEEE Trans. Mobile Comput. 20 (2) 
(2019) 765–779.

[41] P. Bahl, V.N. Padmanabhan, RADAR: an in-building RF-based user location and 
tracking system, in: Proceedings IEEE INFOCOM 2000. Conference on computer 
communications. Nineteenth annual joint conference of the IEEE computer and com-
munications societies,  2, Ieee, 2000, pp. 775–784.

[42] M. Youssef, A. Agrawala, The Horus WLAN location determination system, in: Pro-
ceedings of the 3rd International Conference on Mobile Systems, Applications, and 
Services, 2005, pp. 205–218.

Ken Long received the MS and PhD degrees in signal and information processing from the 
Beijing University of Posts and Telecommunications, Beijing, China, in 2004 and 2009, 

respectively. Since 2009, he has been the Major Investigator with the Mobile Communica-
tions Key Laboratory, Chongqing University of Posts and Telecommunications (CQUPT). 
He has also been a Research Supervisor with CQUPT. He has published some articles on 
these topics and holds one patent on wireless technology. His main professional interests 
are within the areas of wireless communications, next generation mobile networks, and 
signal processing.
Jincheng Yang received the BS degree from Ningbo University of Technology, China, in 
2023. He is currently working toward the MS degree in electronic information technology 
with the Chongqing University of Posts and Telecommunications, Chongqing, China. His 
research interests include indoor localization, deep learning, and its applications.
Guoxu Xia received the MS degree in Communications and Information Engineering from 
Chongqing University of Posts and Telecommunications, China, in 2025. His research in-
terests include RIS, deep learning, MIMO, and cell-free networks.

Digital Communications and Networks 12 (2026) 813–824 

824 

http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0038
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0038
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0038
http://arxiv.org/abs/2020.06394
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0040
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0040
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0040
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0041
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0041
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0041
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0041
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0042
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0042
http://refhub.elsevier.com/S2352-8648(26)00013-1/sbref0042

	FELoc: a feature equalization method based on channel state information for Wi-Fi indoor localization 
	1 Introduction 
	2 Related works
	2.1 Amplitude-based localization methods
	2.2 Phase-based localization methods
	2.3 Localization methods based on fusion of amplitude and phase

	3 Preliminaries
	4 Proposed method
	4.1 Data preprocessing
	4.2 FELN
	4.2.1 Feature extraction module
	4.2.2 Feature fusion module
	4.2.3 Output module

	4.3 Position prediction

	5 Experiments and performance analysis
	5.1 Experimental setup
	5.2 Comparison of different methods
	5.3 Impact of WaveICA-based data preprocessing
	5.4 Module ablation experiments
	5.5 Adaptive weighting analysis via FEM
	5.6 Complexity analysis

	6 Conclusion and future work
	CRediT authorship contribution statement
	Declaration of competing interest
	References


