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Abstract—With regard to the implementation of WiFi sensing
agnostic according to the availability of channel state information
(CSI), we investigate the possibility of estimating a CSI matrix
based on its compressed version, which is known as beamforming
feedback matrix (BFM). Being different from the CSI matrix
that is processed and discarded in physical layer components,
the BFM can be captured using a medium-access-layer frame-
capturing technique because this is exchanged among an access
point (AP) and stations (STAs) over the air. This indicates that
WiFi sensing that leverages the BFM matrix is more practical
to implement using the pre-installed APs. However, the ability
of BFM-based sensing has been evaluated in a few tasks, and
more general insights into its performance should be provided.
To fill this gap, we propose a CSI estimation method based on
BFM, approximating the estimation function with a machine
learning model. In addition, to improve the estimation accuracy,
we leverage the inter-subcarrier dependency using the BFMs
at multiple subcarriers in orthogonal frequency division multi-
plexing transmissions. Our simulation evaluation reveals that the
estimated CSI matches the ground-truth amplitude. Moreover,
compared to CSI estimation at each individual subcarrier, the
effect of the BFMs at multiple subcarriers on the CSI estimation
accuracy is validated.

I. INTRODUCTION

Wireless local area networks (WLANs) rapidly increase
popularity with the improvement of their throughput. One of
the key technologies of WLANs to realize high throughput is
multiple-input multiple-output (MIMO). Along with orthogo-
nal frequency division multiplexing (OFDM), MIMO provides
channel state information (CSI) for each antenna pair at each
subcarrier. In recent times, CSIs provided by WLAN systems
have attracted interest for MIMO communications and WiFi
sensing due to their fine-granularity for characterizing the
surrounding environment. As WiFi sensing can be performed
without any additional equipment rather than WLAN systems,
it can be deployed at low cost without considering additional
sensing devices, e.g., radars and surveillance cameras.

Despite their low cost, CSI-based WiFi sensing methods
require practitioners to extract CSI matrices from wireless
chipsets because the CSI matrix is processed and discarded
in physical (PHY) layer components. This procedure needs
additional firmware implementation, and such firmware per-
forms on a few wireless chipsets and protocols [1], [2], which

limit the applicability of the CSI-based WiFi sensing to few
WiFi devices.

To alleviate this restriction, few studies [3], [4] performed
WiFi sensing without explicitly extracting CSI from PHY layer
components, but rather leveraged a beamforming feedback
matrix (BFM) [5], which is referred to as a compressed version
of CSI. However, WiFi access points (APs) and stations
(STAs) are mandated to exchange the BFM without encryp-
tion to perform OFDM-MIMO transmissions using the IEEE
802.11ac/ax standard [5], [6]. This indicates that the BFM
is extracted from the PHY-layer components by default and
is stored in a corresponding field in medium access (MAC)-
layer frames exchanged among APs or STAs. This enables
practitioners to capture BFMs using MAC frame capturing
tools (Fig. 1), where the third-party user can carry out WiFi
sensing regardless of the lack of access to the PHY layer
components of the transmitter and receiver.

However, existing BFM-based WiFi sensing studies [3], [4]
have addressed only a few sensing tasks, while CSI-based
WiFi sensing has addressed several tasks [7], [8]. Specifically,
studies related to BFM-based WiFi sensing are limited to
human detection and localization [3], [4], whereas the CSI-
based WiFi sensing acquires various usage models, e.g., hu-
man activity recognition [9]–[11], device localization [12],
and human vital sensing [13]. Hence, there is a knowledge
gap between BFM-based sensing and CSI-based WiFi sensing
considering that we are not aware of the feasibility of the
replacement of the CSI matrix with the BFM to perform
various sensing tasks. This leads us to a research question
of how much BFMs are informative to replace CSI matrices
to carry out sensing tasks?

To fill this gap and provide a general insight into this
question, we explore the possibility of estimating the CSI from
BFM and evaluate its accuracy. The intuition behind this is
that, if the estimation is possible, the replacement of the CSI
with the BFM can also carry out various WiFi sensing tasks.
To this end, we propose a machine learning (ML)-based CSI
estimation from BFM and evaluate the estimation accuracy.
In the proposed scheme, we estimate a function from BFM to
CSI by approximating the function with the ML model.
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Fig. 1. System model of BFM-based sensing. To obtain BFM information, the
third party captures BFM packets, which are transported from the receiver to
the transmitter for efficient MIMO communication. Thus, the third party that
performs BFM-sensing does not need to access the transmitter or receiver.

To improve the estimation accuracy, we leverage an inter-
subcarrier dependency and estimate the function that outputs
CSI of a single subcarrier from the BFMs at multiple sub-
carriers (hereinafter referred to as the subcarrier-integrated
estimation). Further, as an input layer of the ML model, we
use “frequency-directional convolutional layer,” that outputs
the convolution result of the BFMs and a kernel filter in direc-
tion of frequency. The simulation evaluation reveals that the
estimated frequency-selective CSI matches the ground-truth
amplitude compared with CSI estimation based on a BFM
for each subcarrier (hereinafter referred to as the subcarrier-
individual estimation). In this study, as a firsthand approach,
the amplitude of the CSI elements is estimated. Although
we limit the discussion about the amplitude elements, this
contributes to answering the aforementioned questions because
several sensing tasks [9], [14], [15] were conducted by the
amplitude of CSI.

Another by-product benefit to investigate the CSI estimation
is to debunk the potential privacy leakage from exchanging
BFMs. As the CSI-based WiFi sensing carries out various
tasks, as discussed above, CSI will be considered as private
sensitive information [16]. Accordingly, from the privacy
perspective, it will be questionable whether the BFMs should
be exchanged over the air such that the third-party user can
capture them using a frame-capturing tool (Fig. 1). As an
intuitive example, consider that the AP and STA are public
or held by parties other than the third-party user. The third-
party user may succeed in estimating the trajectory of another
person of interest by leveraging the existing CSI-based WiFi
sensing methods while alternatively using the BFMs as an
input. Hence, we believe that to shed light on the potential
privacy risk from exchanging BFMs, the above question (i.e.,
how much BFMs are informative to replace CSI matrices to
carry out sensing tasks?) should be addressed.

The contribution of this study is as follows: We explore

the possibility of the CSI estimation based on its compressed
version (i.e., BFM) to gain insight into the capability of the
BFM to replace the original CSI for various sensing tasks. To
provide a concrete design for estimation, we have used a ML
technique where the ML model accepts a BFM and estimates
the original CSI. Our numerical evaluation reveals that the
estimated amplitude element in the CSI matrix well matches
the ground-truth amplitude, which shows the feasibility of the
aforementioned CSI estimation. To the best of our knowledge,
this insight has not been provided in previous studies with
regard to WiFi sensing.

The rest of the study is organized as follows: Section II
describes the CSI in a MIMO environment and a system for
feedback. Section III explains ML-based methods to recover
CSI from BFMs. Section IV shows the evaluation results of
estimation accuracy. Section V concludes the study.

II. PRELIMINARIES OF OFDM-MIMO

We introduce an OFDM-MIMO communication system
using beamforming techniques based on explicit feedback.
The system model comprises a transmitter and a receiver,
where the transmitter sends packets to the receiver via MIMO
transmissions being compliant to the IEEE 802.11ac standard.
The receiver measures CSI, computes the BFM from CSI, and
sends back the BFM to the transmitter. In the transmitter, the
BFM is used for transmit precoding.

Given the number of antennas of the transmitter and receiver
are Nt and Nr, respectively, let us denote the CSI matrix at
subcarrier k between the transmitter and receiver to be H[k],
where H[k] ∈ CNr×Nt . The CSI matrix is estimated for each
OFDM subcarrier using a pilot signal (e.g., null data packet
in 802.11ac/ax). Each element of the CSI matrix hij [k] is
represented by its amplitude aij [k] and phase θij [k] as

hij [k] = aij [k]e
jθij [k], (1)

where i and j indicate the indices of the receive and transmit
antennas, respectively. Given the transmitted symbols at kth
subcarrier x[k] ∈ CNt×1, the received signal y[k] is repre-
sented as follows:

y[k] =H[k]x[k] + z[k], (2)

where z[k] ∈ CNr×1 denotes the additive white Gaussian
noise. In the following, [k] is omitted unless otherwise noted.

The 802.11ac/ax standard adopts eigenbeam space division
multiplexing (E-SDM) [17] to obtain independent channels
from the MIMO system. In E-SDM, the right singular matrix
of the CSI matrix is used for transmit precoding, and the
transpose of the left singular matrix is used for decoding at
the receiver. Considering V and UH as right singular and left
singular matrices, respectively, they satisfy

H = UΣV H, (3)

where U and V are unitary matrices and Σ is a diagonal
matrix. The decomposition of H in (3) is known as singular
value decomposition (SVD). In the transmission precoding
process, the transmit signal x is multiplied by V , and then



V x is transmitted. The transmission signal is attenuated in
the channel, and HV x is received. The received signal is
multiplied by UH; then, we obtain UHHV x as a shaped
signal. With regard to (3), the shaped signal r is represented
as

r = UHHV x = UHUΣV HV x = Σx. (4)

Considering that Σ is a diagonal matrix, the E-SDM provides
multiple independent channels from the MIMO system.

As explained previously, in the E-SDM, for transmit pre-
coding, the transmitter requires a right singular matrix of the
CSI matrix, which is referred to as BFM. To inform the BFM,
the receiver applies SVD to the CSI matrix and obtains the
BFM. The BFM is calculated for each OFDM subcarrier using
the corresponding CSI matrix of the subcarrier. Subsequently,
the receiver transmits BFM frames, which contain the BFM, to
the transmitter. Fortunately, the BFM packets are transmitted
without encryption; therefore, one can obtain BFM using arbi-
trary WLAN devices by capturing the BFM packets regardless
of its chipset and firmware.

III. ML-BASED CSI ESTIMATION METHOD

This section proposes the ML-based CSI estimation method
with regard to BFMs. Our technique to improve the estima-
tion accuracy is to leverage an inter-subcarrier dependency,
i.e., CSI and BFM at subcarrier k, H[k], and V [k], which
are dependent on BFMs at neighboring subcarriers. Thus,
rather than the subcarrier-independent estimation, i.e., CSI
H[k] estimation with respect to BFM V [k], we utilize the
subcarrier-integrated estimation, i.e., CSI {H[k]}k estimation
from BFMs at all the subcarriers, {V [k]}k. Therefore, we train
the ML model so that it outputs CSI from BFMs at multiple
subcarriers. Moreover, to extract inter-subcarrier dependency,
we have used “frequency-directional convolutional layer” as
an input layer of the ML model. The frequency-directional
convolutional layer outputs the convolution result of the BFMs
and a kernel filter along the direction of frequency.

Fig. 2 shows an overview of the recovery process. Based on
the CSI, BFMs are calculated using SVD; that is, the dataset
comprising BFMs and the corresponding CSI is generated.
Note that we have used the BFMs of all the subcarriers for
the input feature. Then, the ML model is trained using BFMs
({V [k]}k) as the input and the corresponding CSI ({H[k]}k)
as the target label.

In this study, as a firsthand approach, the amplitude of the
CSI elements (|hij |) is estimated. The amplitude of the channel
indicates attenuation in the channel between the transmit
and receive antennas. Indeed, several studies on CSI sensing
studies [9], [14], [15] have been conducted using the amplitude
of CSI. Hence, we believe that the feasibility of the amplitude
estimation fills the gap between CSI and BFM-based sensing
techniques.
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Fig. 2. Procedure of CSI estimation. First, the amplitude of the CSI and
BFMs {V [k]}k are computed. Second, in the learning step, the model is
trained using {V [k]}k as inputs and amplitude of CSI as outputs. Finally,
using the trained model, the amplitude of the original CSI is predicted based
on the corresponding beamforming matrices {V [k]}k .

TABLE I
SIMULATION SPECIFICATIONS

Parameters Values

Number of transmit antennas Nt 2
Number of receive antennas Nr 2
Carrier frequency 5.25 GHz
Delay profile Model-B
Channel bandwidth W 80 MHz

IV. PERFORMANCE EVALUATION

A. Channel Simulation

The simulation parameters are listed in Table I. A trans-
mitter with two antennas communicates with a receiver with
two antennas using 2 × 2 MIMO. The channel model is
TGac channel model [18]. We generate 10,000 different CSI
matrices. The BFM matrix, which is calculated by following
the procedure of 802.11ac1, is labeled by its corresponding
CSI matrix.

The multiple CSI-BFM pairs are gathered as a data sample.
Considering that the CSI and BFMs have the same shape (2×
2) and N pairs are gathered, the input and output data samples
are tensors, whose shape is N × 2 × 2. The generated data

1In 802.11ac/ax protocol, the BFM packet contains the quantized BFM data.
However, as a firsthand study, this study ignores the effect of the quantization
of the BFMs and assumes that the full-percept BFM can be obtained.



TABLE II
FROBENIUS ERROR OF EACH CSI ESTIMATION

Input shapes ML models Frobenius errors

Subcarrier-integrated estimation CNN+ConvLSTM 0.434
Subcarrier-integrated estimation CNN 0.448
Subcarrier-individual estimation CNN 0.539

samples are divided into 90% and 10%, and they are used to
train and evaluate the ML model, respectively.

B. Structure and Hyperparameters of the ML Algorithms

We examine two ML models for CSI estimation, namely,
convolutional LSTM network (ConvLSTM) and convolutional
network (CNN), which are commonly used in the field of
computer vision. Fig. 3 shows the structure of the CNN model.
The CNN model follows [19] and comprises four encoder
blocks, an intermediate block, and four decoder blocks. Each
encoder block contracts the input to low-dimensional repre-
sentation and comprises two convolution layers followed by
the max pooling layer. The intermediate block processes the
representation and feeds its output to the decoder blocks.
For regularization, dropout and batch normalization layers
follow the third and fourth encoder blocks. Each decoder block
expands the low-dimensional representation to the output
shape and comprises two convolution layers and a convolu-
tional transpose layer. The convolutional transpose layer is a
backward step in the normal convolution procedure. The filter
sizes of convolution layers, convolutional transpose layers, and
max pooling layers are 6× 2, 6× 2, and 1× 2, respectively.
Except for the fourth encoder block, the output of the ith
encoder block is fed to the (5 − i)th decoder block and
(i + 1)th encoder block. The output of the fourth encoder
block is fed to the first decoder block and the intermediate
block. The number of output channels of the ith encoder
block is the same as that of the (5 − i)th decoder block (32,
64, 128, and 256 for first, second, third, and fourth encoder
block, respectively). The connections of the blocks and detail
parameters are shown in Fig. 3. Except for the intermediate
block, the structure of ConvLSTM is the same as that of the
CNN model. The intermediate block of the CNN model is
replaced by ConvLSTM layers with eight units.

As noted previously, the training dataset was divided into
training and validation datasets in the ratio of 9:1. The ML
model is updated for multiple epochs using the training data
only (and not the validation data). In each epoch, the model
is evaluated using the validation dataset. The training is
completed if 200 epochs are performed, or if the validation
loss is increased after 10 epochs; it indicates that the model
is starting to overfit. When updating and distilling the models,
mini-batch size, the number of epochs in each round, and the
learning rate are selected as 64, 0.001, respectively.

C. Results

Fig. 4 shows the frequency series of the ground-truth ampli-
tude of CSI (i.e., CSI obtained from channel simulation) and
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Fig. 3. Overview of the CNN structure. The blue circle indicates channel-
wise concatenation.
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Fig. 4. Ground truth (simulated amplitude of {H[k]}k) and recovered
amplitude from frequency-series matrices {V [k]}k . Recovery of |h11| from
frequency-series matrices {V [k]}k .

that of the recovered CSI from the BFM based on each ML al-
gorithm. To examine our key idea to estimate CSI from BFMs
of all the subcarriers rather than the subcarrier-independent
estimation, the estimation results of the subcarrier-integrated
estimation are obtained by feeding all the BFMs at once to
estimate the CSI of all the subcarriers, (i.e., the input and
output data shape of the multi-subcarrier is 242×2×2 tensor).
Conversely, that of subcarrier-individual estimation is obtained
by feeding a single subcarrier’s BFM at once to estimate a
single subcarrier’s CSI, (i.e., the input and output data shape of
the single subcarrier is 2×2 matrix). The subcarrier-integrated
estimation implies that, in the estimation process, the model
uses the inter-subcarrier information, while the subcarrier-
individual estimation uses 1 by 1 corresponding only.

The estimated frequency-selective amplitude matches the
ground-truth amplitude of CSI, while the estimated one based
on the correspondence of the subcarrier-individual estimation
incurs larger losses.
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Table II lists the average values of the Frobenius errors
of each CSI estimation, and Fig. 5 shows the empirical
cumulative distribution function (ecdf) of Frobenius errors
for test datasets. The subcarrier-integrated estimation exhibits
fewer errors than the subcarrier-individual estimation. More-
over, being consistent with the aforementioned description,
the CNN+ConvLSTM model achieved the smallest Frobenius
error compared with the other models.

Fig. 6 shows the Frobenius errors as a function of the
number of input and output subcarriers. The use of several
subcarriers simultaneously has been suggested to improve the
accuracy of CSI estimation. In this estimation process, we have
equated the data that are used to train the model. Based on
these results, leveraging the inter-subcarrier dependency of the
BFM of the multi-subcarrier, the accuracy of CSI estimation
with regard to BFMs has improved.

V. CONCLUSION

We evaluated the possibility of CSI recovery from BFMs
specified in IEEE 802.11ac/ax. The key idea to enable accurate
estimation is to leverage the frequency-sequential BFMs and
to estimate CSI of BFMs at all the subcarriers, rather than
estimating CSI of BFMs at a single subcarrier. The simulation
revealed that the estimated frequency-selective amplitude of
CSI matches the ground-truth amplitude. Our future studies

include the evaluation of the proposed CSI estimation method
in a real environment.
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