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Abstract: To improve the accuracy of indoor localization methods with channel state information (CSI) images, a localization method that
used CSIimages from selected multiple access points (APs) was proposed. The method had an off-line phase and an on-line phase. In the
off-line phase, three APs were selected from the four APs in the localization area based on the received signal strength indication (RSSI).
Next, CSI data was collected from the three selected APs using a commercial Intel 5 300 network interface card. A single-channel sub-
image was constructed for each selected AP by combining the amplitude information from different antennas and the phase difference
information between neighboring antennas. These sub-images were then merged to form a three-channel RGB image, which was
subsequently fed into the convolutional neural network (CNN) for training. The CNN model was saved upon completion of training. In the
on-line phase, the CSIdata from the target device was collected , converted into images using the same process as in the off-line phase, and
fed into the well-trained CNN model. Finally, the real position of the target device was estimated using a weighted centroid algorithm
based on the model’ s output probabilities. The proposed method was validated in indoor environments using two datasets, achieving good
localization accuracy.
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researchers have proposed using CSI images for indoor

0 Introduction localization. By converting CSI data to images, researchers

Indoor localization plays a significant role in various can comprehensively use the information in CSI while

avoiding the subjective feature selection and preprocessing

aspects of modern life, including indoor navigation,
1161

steps. Chen et al. constructed CSI images using

intelligent building management, and personalized

services™. Among indoor localization technologies, WiFi- amplitude information from three antennas, achieving an

based methods have gained prominence due to their cost- average localization error of 1.37 m with a convolutional

effectiveness, ease of deployment, and scalability. neural network (CNN) as the localization model. Zhu et

Many WiFi indoor localization methods currently use al."” constructed CST images of dimensions 30303

[7-10] using phase information from three antennas, achieving an

received signal strength (RSS) for localization.

However, in complex indoor environments, RSS is prone
to the influence of factors such as multipath effects, shadow
fading, and signal interference, thereby limiting the
accuracy and reliability of localization. In contrast, channel
state information (CSI) provides more granular physical
layer information, such as the phase and amplitude of multi-
channel subcarriers. This detailed information can more
accurately reflect signal variations during transmission.
indoor

Therefore, many methods use CSI for

[11-15]

localization . However, CSI data does not directly

provide helpful information about the wireless channel, so

average localization error of 1.28 m with a CNN as the

localization model. Wang et al.""”

used phase differences
information between adjacent antennas to construct single-
channel CSI images of size 60X 60, achieving an average
localization error of 1.78 m using a deep convolutional
neural network as the localization model. Li et al. "
combined amplitude and phase differences information of
CSI to construct three-channel images of dimensions
114X 114X 3, with one channel constructed by amplitude
of an antenna and the other two channels constructed by

phase differences between neighbouring antennas,
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achieving an average localization error of 1.58 m. Liu et
al."™ achieved average localization errors of 0.28 m and
0.48 m in corridor and laboratory environments using
amplitude and phase differences to construct CST images of
dimensions 30X 30X 3. However, the CSI image-based
indoor localization methods mentioned above only use CSI
from a single access point (AP) . Consequently, they do not
comprehensively consider CSI differences among different
AP paths. Particularly in complex indoor environments, the
impact of multipath effects can distort CSI data from one
AP. However, CSI data from other APs can compensate
for this distortion, significantly alleviating multipath effects.
Furthermore, reducing the impact of APs with poor signal
quality on localization is also significant.

We proposed a novel CSI image construction method
that comprehensively described the signal characteristics
in indoor environments by combining amplitude and
phase differences information from selected multiple
APs. By selecting three APs from four APs based on
their received signal strength indication (RSSI) as the
localization APs and collecting amplitude and phase
differences data from all antennas, we constructed novel
three-channel CSI images as the fingerprints for
localization. This method comprehensively considered
CSI differences along different paths and mitigated the
impact of AP with the lowest RSST on localization.

1 Relevant theory

1.1 Channel state information

Channel state information describes the signal
propagation and reveals the effects of scattering and
attenuation during signal transmission. It provides
information about a communication link’s channel
characteristics, enabling the channel’ s estimation. In an
orthogonal frequency division multiplexing (OFDM)
system, the received signal after passing through a

multipath channel can be expressed as

Y=HX+ N, (D)

where Y is the received vector, X is the transmitted
vector, H is the channel matrix, N 1s the additive white
Gaussian noise vector.

The channel matrix H records the characteristics of
the wireless channel, including the amplitude and phase
information of CSI. Commercial wireless network
cards, such as the Intel 5300, integrate OFDM
technology that supports the IEEE 802.11n standard,

allowing the direct extraction of CSI from 30 subcarriers.

The CSI of each subcarrier can be expressed as
H,=|H,|exp(j/H.), ()

where | H,|is the amplitude of the subcarrier, and ./ H, is

the phase of the subcarrier.
1.2 Convolutional neural network

The core components of a convolutional neural
network are the convolutional layer, the pooling layer,
and the fully connected layer. The convolutional layer
operates by applying convolution operations to the input
image using a set of trainable filters known as
convolutional kernels. These kernels are responsible for
capturing local features within the image. Within the
convolutional layer, multiple neurons process the output
from the preceding layer before passing it through the
activation function during forward propagation. Let £,
denote the convolutional kernel as having a local weight
matrix. Thus, the convolutional layer can be expressed
as

I Pr
=ADD 0w kgt hy ] (3)

i=ln=1

Conv;,

where o,,, 1s the output of the i-th neuron of the m-th
feature, 4, ;, 1s the n-th convolutional kernel, %, is the
connection between the o-th and j-th feature maps, P is
the size of the convolutional kernel, and A(+) is the
activation function expressed as

T, <0,
Aln)={ " @

The pooling layer and the convolutional layer have the
same number of feature maps. However, the pooling
layer can reduce the resolution of these feature maps,
thereby facilitating the abstraction of lower-dimensional
features. A commonly used pooling technique is max

pooling, which can be expressed as
Pool,,,= max,—,Conv, ,, 1), Q)

where L is the pooling size and s is the stride size.

The fully connected layer is commonly located in the
last few layers of a CNN model and is used to transform
the extracted features into the final output results. During
the training process, the weights of the fully connected
layer are updated using the backpropagation algorithm to
minimize the loss function, enabling the neural network
to learn appropriate feature representations and
classification decisions for the task at hand. Cross
entropy is commonly chosen as the loss function to
measure the difference between the predicted results and

the true labels. It is expressed as
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E=—> ylog p,. (6)
j=1

where y is a vector consisting of elements 0 and 1, and p
is the output of the softmax function.
indoor

1.3 Principle of fingerprint-based

localization

The fingerprint-based localization method aims to
obtain the feature information of the measured location
(the so-called fingerprint) . In the real-time localization
phase, the WiF1 signal of the device to be localized 1s
compared with the known features to estimate the
position. Indoor localization based on CNN using CSI as
a fingerprint involves the following phases. Firstly, it is
necessary to collect CSI data within the indoor
environment. This data contains signal amplitude and
phase information and is divided into training and testing
datasets. Data noise

cleansing, filtering,  and

normalization can be applied during the phase.
Subsequently, a CNN model is created to learn the
mapping relationship from CSI data to location
coordinates. The CNN model is trained using CSI data
from the training dataset and corresponding known
location information. The training objective is to
minimize the error between predicted and actual
positions.

Through the backpropagation algorithm, the model
gradually adjusts weights and biases to adapt to the
data’s features. Following the completion of training,
the CNN model retains a mapping relationship from CSI
data to location coordinates. This model can be
considered a unique CSI fingerprint, as it maps CSI data
to indoor positions. CSI data from the current location is
collected when device localization is needed. This data is
fed into the well-trained CNN model, which predicts the
device’s position based on the learned mapping

relationship.
2 Localization system

2.1 System structure

The proposed localization system has on-line and off-
line phases. The off-line phase primarily involves
constructing the CSI image and training the localization
model, while the on-line phase primarily involves
predicting the position of the target device. The proposed

localization system is shown in Fig.1.
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Fig.1 System structure

2.2 Off-line phase

In the off-line phase, we deploy four single-antenna
APs in the target localization area and set reference
points (RPs) at even intervals of 0.5 m. For each RP,
we measure the RSSI from each AP at its position and
then select three APs with the highest RSSI from the
four APs. Subsequently, we collect the CSI data from
the three APs using a receiving device with three
antennas and normalize its values to a range between 0
and 255. Finally, a novel three-channel CSI image is
constructed by combining the CSI data’ s amplitude and
phase differences information from the different antennas
of the three selected APs. Each channel of the image is
essentially a real-valued matrix with sizes of 180X 180,
and its composition can be defined as

Img,=[A;As; A, Pdy; Pd,; Pd, ], (7)
where Img, 1s the image of the i-th AP, ZG{ 1,2, 3}. Ay,
A,, A, Pd,, Pd,, and Pd, are all matrices of size 180X
30, where 180 rows represent 180 data packets, and
30 columns represent 30 subcarriers in each data packet.
A, A,, and A, are the amplitude information of CSI
received by the first, second, and third antennas of the
receiving device, respectively. Pd, is the phase differences
information of CSI between the first and second antennas
of the receiving device. Pd, is the phase differences
information of CSI between the second and third antennas
of the receiving device. Pd; is the phase differences
information of CSI between the third and first antennas of
the receiving device. Fig.2 shows an example of a CSI
image, where each sub-image (Img,, Img,, Img;) is an
8-bit grayscale image. These sub-images ultimately merge
to construct a three-channel RGB image.
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Fig.2 Example of CSI image

As shown in Fig.2, although the CSI data is collected
from the same RP position, the images from different
APs show significant variations.

Furthermore, even for the images from the same AP,
there is a clear difference between the local image of
magnitude and the local image of phase differences.

Furthermore, the local images of magnitude or phase
differences from different antennas are also different.
These observations suggest that combining amplitude
and phase differences information from different
antennas on different APs can yield more diverse
fingerprints.

For each RP, we construct 80 CSI images with
dimensions of 180X 180X 3. After constructing CSI
images for all RPs, they are fed into a CNN for training.

The structure of the CNN is shown in Fig.3.
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Fig.3 Structure of CNN

The CNN consists of four convolutional layers, two
max-pooling layers, one fully connected layer, and one
output layer. Considering the similarity between images
from different RPs, four convolutional layers with different
sizes are employed to extract the features of images.
Because the image size is relatively small, a stride of 1 is set
for the convolutional kernels to ensure that the fully
connected layer has sufficient input features. Two max-
pooling layers are employed to capture key features in the
images, which makes the features more robust. After each
pooling, neurons are randomly dropped out with a dropout
rate of 0.25, diminishing reliance on specific features. The
fully connected layer maps the learned features to labels,
which means it performs a linear transformation from one
feature space to another feature space. The output layer
employs the softmax function to transform the model’ s
output into N probabilities, where N is the number of RPs.
The training continues until the cross-entropy loss between

adjacent iterations drops below a threshold, and the model
is saved. Furthermore, stochastic gradient descent (SGD)
is used to update the weights to optimize the training
process, and batch normalization is introduced to accelerate
error convergence. The parameters of the CNN are shown
in Table 1.

Table 1 CNN parameter

Layer Activgtion emel Output
function gjz6  Count  Stride
CSI Image (180,180, 3)
Convl Rel.u 3X3 32 1 (178,178,32)
Conv2 ReLu 3X3 64 1 (176,176 ,64)
MaxPooll Rel.u 2X2 64 2 (88,88,64)
Conv3 3X3 128 1 (86,86,128)
Conv4 Rel.u 3X3 256 1 (84,84,256)
MaxPool2 Rel.u 2X2 256 2 (42,42,256)
Full connection (1,1,1024)
SoftMax output ReLu (1,1,N)
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2.3 On-line phase

In the on-line phase, the first step is to collect the
target device’s CSI data. Subsequently, the image
construction method is employed to convert CSI data
into images. Finally, the constructed images are fed into
the well-trained CNN model. The model’s output is the
probability values of the target device being located at
each RP position, but in reality, the target device’ s
position can be anywhere within the localization area.
Therefore, select the top n outputs with the highest
probability values and then use the weighted centroid
algorithm to estimate the final position of the target
device. The weighted centroid algorithm is

21‘1:11"'P"
Z:‘I:lpf 7

where L is the estimated position coordinates, P, is the

L= )

probability value of the i-th location, and L, is the
coordinates of the i-th RP.

3 Experimental results and analysis

3.1 Experimental configuration

The experiment is conducted in a laboratory and a
corridor. The two environments exhibit significant
differences in signal interference and multipath effects.
The corridor, measuring 9.6 mX6.4 m, is set with
236 RPs (marked by green dots in Fig.4) and 4 APs
(marked by red dots in Fig.4) .

o ;
gy i | [i::::D::: o

g ooiooco.oo.t‘ol,ool i

>

14.0m
(b) Floor plan of laboratory

0000000000000 000000
9.6 m

(c) Real environment of corridor (d) Floor plan of corridor

Fig. 4 Experimental environment

It has a strong openness and extremely low signal
interference. It could be considered as a line-of-sight
(LOS) environment. The laboratory, measuring 14 m X
8 m, is set with 257 RPs (marked by green dots in Fig.4)

and 4 APs (marked by red dots in Fig.4) . The laboratory
contains various objects such as tables, chairs, laboratory
equipment, and storage cabinets, resulting in significant
multipath effects, making it a non-line- of-sight (NLOS)
environment. The distance between all neighboring RPs is
0.5 m. The real environment and floor plan of these two
environments are shown in Fig.4.

We use four single-antenna TP-Link routers as APs
and a Dell laptop as the receiving device. The laptop has
a three-antenna Intel 5300 wireless card and runs the
Ubuntu 22.04.3 LTS operating system. During the
experiment, the laptop is set to monitor mode, with the
frequency band set to 5 GHz and the bandwidth set to
20 MHz. It receives CSI data packets at a 1 ms interval.

For each RP, we collect 3 s of CSI data every other
week by selecting three of the four APs with the highest
RSSI. We conduct nine data collection sessions,
resulting in a training dataset of 81 000 data packets per
RP. After completing the collection of the training
dataset, we collect 1 s of CSI data on three specific dates
(one day later, one week later, and one month later ) to
construct the test dataset. We refer to the combination of
the training dataset and test dataset as Datasetl. Data
collection on different dates is because of the dynamic
nature of indoor environments, influenced by factors
such as human traffic, device mobility, and other
variables. This approach allows us to capture the
thereby
adaptability and robustness of the localization system.

dynamic  environment, enhancing  the
Furthermore, to ensure a more fair comparison with
other localization methods that typically use CSI data
packets collected at the same time as their dataset, we
collect 30 s of CSI data for each RP (a total of 90 000
data packets) at the same time. We refer to these data
packets as Dataset2, where the initial 27 s serves as the
training dataset and the subsequent 3 s as the testing
dataset. After collecting all data, we apply the proposed
method to convert all CSI data from the training dataset
into images for training a CNN model. Each RP selects a
subset of data packets from the test dataset to construct
test images, which are then input into a well-trained
CNN model for position estimation. Localization
performance is evaluated by comparing the estimated
and real positions according to localization results based
on the test dataset.

3.2 Performance comparison of localization
methods

To evaluate the proposed method, we employ the
average localization error and the cumulative distribution



574 Journal of Measurement Science and Instrumentation

Vol. 16 No. 4, Dec. 2025

function (CDF) of errors as comprehensive evaluation
criteria. We compare our method with ConFi"", CiFi*,
and CNNFi*’, To ensure fair experimentation, we use the
CSI datasets (Datasetl and Dataset2) collected in this
paper for all methods. Dataset] was collected at different
times, while Dataset2 was collected at the same time. Error
cumulative distributions for the laboratory and corridor
environments are shown in Figs. 5 — 8, respectively.
Tables 2 — 5 present the average localization error,
standard deviation, and execution time for the laboratory
and corridor environments.

Table 5
methods in the corridor using Dataset2

Performance comparison of different localization

Algorithm Mean error/m Slflnflard Execution time/s
deviation/m
Proposed method 0.183 6 0.174 2 0.750 3
CiFi 0.639 3 0.356 0 0.5355
ConFi 0.812 4 0.473 2 0.523 1
CNNFi 0.278 7 0.213 1 0.575 2
1.0F
0.8}
0.6
[
a
&)
0.4+ ,f‘
i == Proposed method
0.2f == CiFi
)J ConFi
== CNNFi
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Fig. 5 CDF of different localization methods in laboratory using
Datasetl
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Fig. 6 CDF of different localization methods in corridor

The proposed method, ConFi, CiFi, and CNNF1 use
CSI as fingerprints and employ deep learning as the
localization model. However, ConFi uses only the
amplitude of the CSI as a fingerprint, while CiFi only

employs the phase information of the CSI as a fingerprint.

Neither method combines the amplitude and phase
information of the AP’ s CSI, resulting in limited
localization accuracy. In experiments using Dataset] as the
dataset, ConFi and CiF1 achieve an average localization
error of only 1.48 m and 1.39 m in laboratory environments
and 1.07 m and 0.99 m in corridor environments,
respectively. In experiments using Dataset2 as the dataset,
ConF1and CiF1 achieve an average localization error of only
0.97 m and 0.91 m in laboratory environments and 0.81 m
and 0.64 m in corridor environments, respectively.
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0.4}
= Proposed method
0.2 = CiFi
ConFi
== CNNFi
0 0.5 1.0 1.5 2.0 25

Distance error/m

Fig. 7 CDF of different localization methods in laboratory using
Dataset2
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Fig. 8 CDF of different localization methods in corridor
Table 2
methods in laboratory using Dataset1

Performance comparison of different localization

Algorithm Mean error/m Slgn(liard Execution time/s
deviation/m
Proposed method 0.726 0 0.424 0 0.7519
CiFi 1.386 1 0.676 3 0.548 4
ConFi 1.4817 0.8179 0.5296
CNNFi 0.987 2 0.566 1 0.4837

Table 3 Performance comparison of different localization

methods in corridor using Dataset1

Algorithm Mean error/m Slgn(liard Execution time/s
deviation/m
Proposed method 0.488 3 0.337 4 0.7510
CiFi 0.9914 0.5521 0.536 2
ConFi 1.0710 0.6238 0.523 5
CNNFi 0.6712 0.436 4 0.582 0




LONG Liang, ez al. / Indoor localization with channel state information images from selected multiple access points 975

Table 4
methods in laboratory using Dataset2

Performance comparison of different localization

Standard

Algorithm Mean error/m o Execution time/s
deviation/m
Proposed method 0.3180 0.193 7 0.752 2
CiFi 0.909 6 0.4437 0.543 8
ConFi 0.9718 0.536 6 0.527 1
CNNFi1 04771 0.2889 0.4850

In contrast, the proposed method and CNNFi combine
the amplitude and phase information of CSI to construct
fingerprints, significantly enhancing localization accuracy.
In experiments using Dataset] as the dataset, the proposed
method and CNNF1 achieve average localization errors of
0.73 m and 0.98 m in laboratory environments and 0.49 m
and 0.67 m in corridor environments, respectively. In
experiments using Dataset?2 as the dataset, the proposed
method and CNNF1 achieve average localization errors of
0.32 m and 0.48 m in laboratory environments and 0.19 m
and 0.28 m in corridor environments, respectively.
Compared to CNNF1i, the proposed method improves
localization accuracy by 0.25 m and 0.18 m in laboratory and
corridor environments with Dataset] and by 0.16 m and
0.1 m in laboratory and corridor environments with
Dataset2, respectively.

There are three key reasons for the superiority of the
proposed method over CNNFi. Firstly, the proposed
method constructs a novel and more comprehensive
dataset (Datasetl). Datasetl covers a larger indoor
environment having more complex signal propagation
paths and reflection scenarios. The range interval of
Datasetl (0.5 m) is smaller than that of CNNFi
(1.2 m). This increases the density and diversity of the
data, thereby enhancing the resolution of the positioning
system. Furthermore, the data in the CNNF1 dataset is
from the same period, while the data in Datasetl spans
different dates. This enables the reflection of the impact
of environmental changes on the channel, thereby
providing a more accurate description of the
characteristics of this channel. Secondly, the proposed
method improves the CNN model by introducing two
maximum pooling layers to capture key image features.
Furthermore, we employ Dropout following pooling to
eliminate neurons randomly, thus enhancing model
robustness, reducing reliance on specific features, and
effectively preventing overfitting. Thirdly, the proposed
method uses multiple APs for collecting CSI data,
providing more fingerprint information. The CSI data
from different APs can complement and correct each
other, reducing errors and uncertainties. Moreover,

removing APs with the lowest RSSI can improve CSI

data quality. Because the proposed method uses CSI
data from multiple APs for localization, the size of CSI
images is relatively large, and the CNN model includes
two additional max-pooling layers, resulting in
increased processing time compared to other localization
methods. However, it remains at approximately 0.75 s,
meeting the real-time requirements of most indoor

localization applications.

3.3 Impact of image construction methods on

localization performance

To evaluate the impact of image construction methods
on localization performance, we compare the proposed
method,  which
information of CSI, with two methods: one using only

combines amplitude and phase
amplitude (referred to as “onlyAmplitude”) and the
other using only phase (referred to as “onlyPhase”).
Images constructed using onlyAmplitude and onlyPhase
are equivalent to the upper and lower halves of the image
constructed by the proposed method, respectively.
Furthermore, all experimental conditions remain
consistent when comparing these three methods. Fig.9
shows the average localization error using different

image construction methods.

1.4 :
[ JLaboratory
12l 1.2012 [ Corridor
1.0 09323
£ 0.822
é 0.8 0.726 ] 0.757 8 A
E J-120. —
g 0.6} ]
= 0.488 3
0.4+ 4
0.2 4
0
Proposed method  Only amplitude Only phase

Image construction method

Fig. 9 Mean error of different image construction methods

The proposed method achieves average errors of
0.726 0 m and 0.488 3 m in laboratory and corridor
environments, respectively. The localization accuracy of
the proposed method surpasses onlyAmplitude and
onlyPhase, confirming the effectiveness of combining

amplitude and phase information.

3.4 Impact of number of training images on
localization performance

To evaluate the impact of number of training images
per RP on localization performance, we conduct training
with different numbers of images (20, 40, 60, 80, 100,
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120) . Fig. 10 shows the average localization error using
different numbers of images for training.
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Fig. 10 Mean error of different numbers of training images

As shown in Fig. 10, an increase in the number of
training images leads to a consistent reduction in
localization error. When the number of training images is
20, the average errors are 2.076 5 m and 1.634 3 m in the
laboratory and the corridor, respectively. However,
with the number of training images raises to 80, the
average errors decrease to 0.726 0 m and 0.488 3 m in
the laboratory and corridor environments, respectively.
Further increasing the training image number to 100 and
120 yields only marginal reductions in localization error
compared to the 80. Consequently, the optimal number
of training images is 80 to balance training time and
localization accuracy.

4 Conclusions

This study proposed an indoor localization method
that used CSI images from selected multi-APs. By
selecting three APs based on RSSI for CSI data
collection, we mitigated the impact of APs with poor
signal quality on the localization results. For each RP, a
novel three-channel CSI image was constructed by
combining the amplitude and phase differences
information from the different antennas of selected three
APs. This image captured different signal propagation
paths and multipath effects, providing richer fingerprint
information for localization. Experimental results
demonstrated that the proposed method achieved lower
average localization errors in laboratory and corridor

environments than CNNF1, ConF1i, and CiF1.
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