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Abstract—The latest generations of wireless networks are
focusing on the integration of Joint Communication and Sensing
capabilities to improve environment awareness and thus enhance
services and user experience. One of the elements commonly
used for sensing tasks is the Channel State Information (CSI)
extracted at the receiver. Most studies exploit Artificial Intelli-
gence (AI) to perform CSI-based sensing tasks, from localization
to activity recognition and more. These studies have shown, at
least in small, controlled experiments, exceptional capabilities,
but have hardly ever offered interpretative models, insight on
the sensing capabilities of the methods or fundamental results
and bounds. Fortunately, studies are starting to appear that
explore an analytic characterization of the CSI. This work falls
into this latter category, proposing a quantitative method to
measure the relationship between different CSI’s. The approach
leverages a quantized representation of the CSI amplitude and a
reduced-complexity matrix representation that allows to compute
a form of Mutual Information (MI) between CSI’s. The MI
is then used as a compact indicator of the similarity of two
sets of CSI, potentially collected in different environments. The
proposed method aims at providing a complement or, possibly,
an alternative to Al-based sensing, improving the understanding
of the CSI features exploited by Al Results, encouraging though
preliminary, are obtained on real-life situations and experiments
that overall cover more than six hours of data collection, spanning
across several months and amounting to over 800 000 CSI’s.

Index Terms—CSI Sensing; Joint Communication and Sensing;
Stochastic Analysis; Mutual Information

I. INTRODUCTION

The promise of enabling environment sensing in parallel
to traditional communication through Joint Communication
and Sensing (JCAS) is one of the aspects of future wireless
networks that is drawing the most attention. The introduction
of 78.125 kHz subcarrier spacing in both Wi-Fi and 5G, and
increasingly larger bandwidth — especially in Wi-Fi, with
channels up to 160 MHz in 802.11ax [1] and 320 MHz in
802.11be [2] —, promises to enhance JCAS as well as Multiple-
Input Multiple-Output (MIMO) and Multi User-MIMO (MU-
MIMO) performance.

JCAS, with all the different flavors and keywords it is
dubbed as, is now a wide and varied field of research,
encompassing pure device localization and tracking, mono
and bistatic in-band radar, and many different methodologies
and approaches. A key role in JCAS sensing applications
is played by the Channel State Information (CSI), which
can be described at a high level as the “footprint” that the
propagation environment imprints on the signal. With studies
on CSI sensing dating back to the early 2010s [3], [4], [5], the
research area has lately started to encompass methodologies
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to exploit the extracted information to gain better insight into
how the propagation environment affects the CSI. Multiple
goals can now be achieved through CSI-based sensing, ranging
from localization tasks [6], [7], to motion detection and
gesture recognition [8], [9], [10], and more. Recent surveys
are available to get the state of the art [11], [12].

Most proposed approaches use both supervised or un-
supervised Artificial Intelligence (AI)-based techniques that
leverage a Neural Network (NN) to extract knowledge from
the CSI, recognize the environment where it was collected, and
perform the desired sensing task. However, little is known on
how the NN interprets and manipulates the CSI: although NNs
yield impressively accurate results, it is difficult to pinpoint the
properties of the CSI that reveal the environment the processed
samples originate from, thus it is difficult, if not impossible,
to generalize. Furthermore, unfortunately, very few proposals
have proven to be robust, ambient independent, and replicable,
which is a fundamental requirement to let JCAS exit from
laboratories and become a real service.

All the advances in CSI-based sensing, we think, somewhat
disregard two big areas: i) privacy protection, albeit some
recent works started addressing the topic (for instance [13],
[14], [15], [16], [17]); and ii) fundamental analysis and un-
derstanding of CSI structure and properties, which is the area
this work fits into. Moreover, in many contexts, notably those
regarding the Internet of Things (IoT) and all networking and
applications outside the operator-based mainstream develop-
ment, JCAS implementations may have resource constraints
that can clash with the requirements of many deep learning
approaches. To this day, however, even CSI sensing for IoT is
mostly performed through centralized, cloud-based approaches
[18]. Finally, if we consider real-time applications that require
sensing tasks to rely on local computing at the edge, rather
than remote data processing, careful resource management and
algorithm simplicity are fundamental.

The main contribution of this study is to leverage the
informative content of the CSI to implement a probability-
based approach to ambient characterization that contributes
to the understanding of how different CSI compare to one
another and to what amount detailed and fine-grained CSI
characterization is needed for some comparisons and tasks.
Furthermore, we show how the technique can be applied to
an easy scenario classification task exploiting a very large set
of experimental data collected in realistic life scenarios: to this
goal, we collect data for hours throughout several months of
operation, without crafting extremely specialized experiments



with tailored placement of transmitter and receiver and short-
term (often just seconds) collections of CSI bursts for each
scenario to be recognized, a methodology that hides the natural
variability of the propagation environment.

II. RELATED WORK

As mentioned, CSI-based sensing exploiting Al methods
has proven its extreme versatility and accurate results, with
works claiming the possibility of detecting breath [19], recog-
nizing activities [20], counting people [21], and more. Some
works like [22], however, analyze in depth its capabilities and
limitations, highlighting the lack of fundamental results.

However accurate, the outcomes of sensing using NNs lack
an explanation of which CSI components embed the pieces
of information that support sensing. To tackle this issue,
analytical methodologies of CSI analysis can be leveraged
to shed light on the underlying links the CSI has with
the physical environment. These approaches can be grouped
into two main categories: sensing methods based on the
interpretation of physical models and techniques based on
stochastic or algebraic analysis. We refer the reader interested
in Al-based sensing and its potentials to recent surveys and
tutorials as [23], [12], and focus instead on the works that seek
insights into the CSI characteristics and properties to establish
theoretical or heuristic data-driven models to steer research.

The first category of studies encompasses works that exploit
the Doppler effect and electromagnetic models. The authors of
[8] tackle activity recognition tasks through Al-based Doppler
analysis, while [24] exploits Doppler effects to ensure inde-
pendence of the CSI samples from the environment before
feeding them to an Al model trained for activity recognition.
Interestingly, these works first manipulate the CSI’s to extract
explainable features, and then feed them to an Al tool for
classification. The focus of [25] is instead on indoor speed
estimation of a moving target: by computing the difference
between consecutive CSI samples, the authors highlight the
variations in the channel propagation paths, which generate
the Doppler effects used to estimate speed.

The second category comprises of works, including this one,
that represent the CSI through algebraic or stochastic models.
These approaches do not exploit physical properties of the
propagating signal, but rather propose interpretative models,
accepting that they may not have a straightforward mapping
onto physics. The approach to motion detection followed in
[26] is based on the stochastic analysis of the electromagnetic
field that impacts the CSI, assuming that the human body
can be modeled as a reflector. Addressing intrusion detection
with a different approach, [27] exploits the temporal analysis
of CSI variations, and focuses on the CSI sampling process
to reduce noise and outliers. The stochastic analysis of the
electromagnetic field is also used in [28] to distinguish human
activities characterized by movements at different speeds.

A specific mention goes to [29], which is, to the best of our
knowledge, the first work to introduce the notion of mutual
information between CSI’s and to use information theory
principles such as the Kullback-Leibler and Jensen—Shannon
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Figure 1. Office layout in the experimental testbed.

divergences to compare distributions of CSI, an approach we
also follow in this work. These concepts are then used to
train Al algorithms on small datasets, obtaining very promising
results; unfortunately, the method is not tested on large, more
varied datasets. An additional approach that goes beyond CSI
interpretation but remains deserving of mention shifts the
focus to improving CSI extraction quality, in an attempt to
make the collected data environment-independent [30].
Finally, we mention previous works introducing CSI analy-
sis and interpretation. In [31] we introduced a variation of
the Hamming distance to quantify the differences between
distinct environments, showing it is a viable approach, and [32]
extended the work to encompass also mmWave frequencies.

III. EXPERIMENTAL SETUP AND CSI PREPROCESSING

The experiments considered for this study were performed
throughout several months. All the experiments have been
carried out by the Advanced Networking Systems research
group' of the University of Brescia.

A. Description of the Experimental Setup

The experimental space is a standard office used regularly
(no ‘ambient crafting’). The positions of the Tx and Rx are
coupled and classified into three configurations, each associ-
ated to a different color in Fig. 1. In the red configuration,
the transmitter is placed on a desk and the receiver is at the
diagonally opposite corner of the room roughly at the same
height. In the green configuration, the Tx is on a shelf about
2m high, and the Rx is on a desk near the opposite wall. The
blue configuration enables CSI analysis in Non-Line of Sight
(NLoS) scenarios: it reuses the Rx position of the green setup,
but the Tx is placed in a closet room behind a drywall wall.

To avoid any confusion, we will always use the term sce-
nario to identify a situation that we wish to sense and isolate
from any other. Different sessions of measurement within the
same scenario are called experiments. Thus, different Tx and
Rx placement are different scenarios, as well as an empty room
is a different scenario from the same room with any number
of people inside. Instead, two distinct one-minute collections
of CSI samples captured in the empty room are two different
experiments within the same scenario.

Thttps://ans.unibs.it
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All the experiments are based on long-term measures with
frames separated by several milliseconds (from 5 to 33) and are
not short bursts of back-to-back frames. We avoided crafting
experimental conditions that would only represent edge-cases
in real-life sensing applications (e.g., a person standing still for
several minutes in the middle of the Line of Sight (LoS)) and
focused on real-world conditions. To this goal, different Tx/Rx
positions were used to study the impact of device placement
on the structure and behavior of CSI samples.

An overview of the conducted experiments is displayed in
Tab. 1. Each scenario is identified by the ‘code’ XB.n where
X can be E (Empty office), S (people Sitting), or M (people
Moving); B is the Bandwidth (20, 40 or 80 MHz); n is the
number of people in the room. Multiple experiments within the
same scenario are differentiated by appending the index of the
experiment (e.g., /0,1,2) to the scenario code. The last column
of the table specifies the positions of the Tx and Rx as red (R),
green (G) or blue (B), referencing the colors used in Fig. 1
to identify the devices disposition. When two experimental
configurations differ only for the Tx/Rx positions, the indexes
of the experiments associated to each setup are indicated next
to the letter identifying the devices placement. For example,
‘B (1-3), G (4-9)’ indicates that experiments indexed 1 to
3 were performed with the blue Tx/Rx disposition, while
experiments 4 to 9 were instead carried out with the green one.
In the experiments performed with the blue and green Tx/Rx
dispositions, three receiving antennas were enabled, thus the
number of available CSI samples triplicates in those cases, for
a total of 118 80 MHz-bandwidth experiments.?

For all experiments, both Tx and Rx are equipped with the
Wi-Fi Broadcom chipset BCM43684. The Tx is always an RT-
AX82U Access Point (AP) from Asus. The receiver is also
an RT-AX82U for experiments performed with the red Tx/Rx
disposition and an RT-AX86U AP in all other cases. The CSI
is extracted from the receiver Wi-Fi chipset using an extension
of the Nexmon CSI Extractor tool, which was presented for
the first time in [33] and later extended in collaboration with
the SEEMOO research group at the University of Darmstadt.

B. CSI Preprocessing: Normalization and Quantization

The CSI of a Wi-Fi frame is a local estimation of the chan-
nel distortion measured at the receiver and it is represented
as a complex number. Spanning over the Ny, subcarriers used
for the Orthogonal Frequency Division Multiplexing (OFDM)
modulation, the CSI associated to the k-th Wi-Fi frame is

C(ka Tl) = AC(kv ’I’L) : ejéC(k,n)7

where n € [1, Ny| is the normalized subcarrier index counting
all and only the subcarriers effectively used in the modulation,

’In the 80 MHz experiments we identified an anomalous behavior of the
subcarriers close to the central ones suppressed in transmission (from 511
to 515): in some CSI samples they have a very large amplitude that is not
coherent with expectations. The percentage of CSI that display this behavior
in any experiment is small, so they do not invalidate experiments. We do
not have an explanation for this behavior, which can be caused by anomalies
in transmission, reception or CSI extraction. The published dataset at https://
zenodo.org/records/17225694 is complete, but in this work we do not consider
the subcarriers with indices 500 to 524 to avoid biasing the results.
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Table 1
SUMMARY OF THE EXPERIMENTS WITH 802.11AX.

Scenario # Frames per Exp. Inter-frame (ms) Tx/Rx Positions
E20.0/0...7 ~ 19000 ~33 R

E40.0/0,1,2 ~ 18000 ~33 R

E80.0/0 ~ 18000 ~33 R

E80.0/1...9 ~ 6000 10 B (1-3), G (4-9)
E80.0/10,11 ~ 12000 5 B

$20.1/0,1,2 ~ 19000 ~33 R

540.1/0 ~ 18000 ~33 R

540.2/0,1 ~ 18000 ~33 R

$40.3/0 ~ 18000 ~33 R

540.4/0,1 ~ 18000 ~33 R

540.5/0,1 ~ 18000 ~33 R

$80.1/0 ~ 18000 ~33 R

S80.1/1...8 ~ 6000 10 B (1-3), G (4-8)
$80.1/9,10,11  ~ 12000 5 B

$80.2/0,1 ~ 18000 ~33 R

$80.2/2,3,4 ~ 12000 5 B

$80.2/5,6 ~ 6000 10 B

$80.3/0 ~ 18000 ~33 R

$80.4/0 ~ 18000 ~33 R

$80.5/0 ~ 2700 ~22 R

M20.4/0...3 ~ 19000 ~33 R

M80.1/0...7 ~ 6000 10 B (0-2), G (3-7)
M&80.1/8,9 ~ 12000 5 B

BW # Experiments # CSI samples  Tot. Duration
20MHz 15 248483 ~ 150 min.
40 MHz 11 200313 ~ 110 min.
80MHz 44 384480 ~ 107 min.

i.e., subcarriers in the guard band and those suppressed in
transmission are not considered.

The extraction tools normally represent the CSI in an
arbitrary measure unit as IQ components of the received signal;
the original extraction is based on a fixed-point representation
of the Analog-to-Digital Converter (ADC) component of the
Wi-Fi chipset that is unfortunately unknown to the extractor.
The retrieved values are also affected by the Automatic Gain
Control (AGC), whose effect cannot be controlled, and are
then cast onto floating point numbers.

In this work, we only focus on the amplitude of the CSI’s,
thus each experiment is a collection C of M¢ vectors Ac(k, -)
of size Ny.. The vector Ac(k,-) is the amplitude of the k-th
CSI, for k € [1, Mc].

Considering the discrepancies in the extraction process due
to different technologies, configurations, and devices, com-
paring CSI samples belonging to different experiments first
requires a normalization of the collected data. A thorough
analysis of this process can be found in [34], but the workflow
can be summarized in three steps, which have to be applied to
every experiment separately: i) Normalization of the CSI en-
ergy to compensate for the effect of the AGC; ii) Computation
of the maximum and minimum Ac(-,-) values; iii) Mapping
of the amplitudes of all CSI samples to the [0, 1] interval.

To improve comparability of samples coming from different
experiments and simultaneously allow to quantify the infor-
mation embedded in each CSI, [31] suggests a method to
select the appropriate number of bits for the quantization that
ensure that enough information is maintained in the quantized
amplitude to also represent random fluctuations. We follow
the same approach, but we will explore how the reduction of



the number of bits used in this process influences the mutual
information metric we introduce in this paper.

After normalization and quantization, Ac(k,-) becomes a
vector of Ny integer numbers represented over ¢ bits.

IV. A MUTUAL INFORMATION METRIC

The quantized representation of a CSI introduced in
Sect. III-B can be used to quantify the amount of information
it embeds. We made a first attempt in this direction in
[31], exploiting a notion of Hamming distance between the
amplitudes of different CSI’s. The results were encouraging,
but a notion of distance is relatively crude. Here we want to
explore a different direction, exploiting the notion of entropy
and mutual information derived from information theory. The
ideal method would be to compute a stochastic metric that
indicates the probability that a specific CSI belongs to the
family of CSI’s characterizing a specific scenario. A direct
approach, however, as discussed in [31], is numerically unfea-
sible given the dimensionality of the problem; thus, we seek a
methodology that reduces the combinatorial dimension of the
problem, trading off potential precision with tractability.

Let A = [0,1,...,27 — 1] be the generic alphabet of
the subcarriers amplitude representation, and 4; the specific
alphabet of CSI Ac(4, ), i.e., alphabet A characterized by the
CSI-specific amplitudes distribution.

Next, we build a normalized co-occurrence matrix Mj; ; of
size |A| x |A|, where each element

Mi,j (a, b)
NS(‘
counts how many subcarriers n € [1, Ny| satisfy the condition
Ac(i,n) =a N Ac(j,n) =b.
By construction M; ; is a probability matrix because

Z Mi,j (a, b) =1 (2)

aE.Ai,bG.Aj

6]

Furthermore, both marginal vectors

Mi(a) = Y M;;(a,b) 5 M;(b) = > M;;(a,b) (3)

beA; a€A;

are probability vectors.

If Ac(i,-) = Ac(J, ), only the elements on the main diag-
onal of M; ; are non-null. Moreover, considering a perfectly
equalized channel, all subcarriers have the same amplitude and
only a single element M ;(a*, b*) is non-null and equal to 1;
if Ac(i, ) = Ac(j, -), then a* = b*.

M, ; yields an empirical estimation of the similarity of
Ac(i,-) and Ac(J,-) expressed as a joint probability matrix.
Clearly, the reduction in numerical complexity implies some
loss of information. In fact, by counting the occurrences
of (a,b) amplitude pairs, the information on the subcarrier
position is lost; however, this simplification allows to compute
a mutual information metric between CSI’s through M, ;.

To exemplify the representation we are proposing, Fig. 2
reports the amplitude of two CSI’s drawn from E20.0/3 and
M?20.4/1 and quantized over ¢ = 4 bits, alongside the resulting
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Figure 2. Amplitudes of two CSI samples from experiments E20.0/3 and
M20.4/1 quantized over ¢ = 4 bits and the relative matrix M, ;(a,b);
the rightmost column and bottom row are the marginal distributions and the
bottom-right cell confirms that each CSI has Nsc = 242 valid subcarriers. To
improve readability M; ;(a,b) entries are not normalized, i.e., they are the
pure number of occurrences.

matrix M, ;(a,b). Even using a very coarse quantization to
make M; ; readable, it is clear that it contains well-structured
information on the relationship between the two CSIs. Recall
that rows and columns of M, ; are not the Ny index, but
the quantization levels. Indeed, increasing ¢ too much is
detrimental: when 2?9 > Ny, M, ; becomes sparse with
non-zero elements all equal to 1/Ny., making the Mutual
Information (MI) (see Eqgs. (4) and (5)) always maximal. To
avoid this, we use small ¢ € [6,9] in Sect. VI.

With a little abuse of notation, we compute the entropy of
the alphabets A;, A; according to Shannon’s definition:

H(A) =— > M;(a) - logy[M;(a)],

a€EA;
H(AJ) = - Z M](b) ~10g2 [MJ (b)], 4)
bGA]'
H(A, Aj)=— > M (a,b)-logy[M; (a,b)],
ac€A;,beA;

and then the MI using its entropy-based formulation:
I(Ai,.Aj) ZH(Az)-i-H(.A]) —H(AZ',.A]‘). 5)

The abuse of notation lies, on one side, in defining the
entropy of CSI’s based on the matrix M; ;, which by construc-
tion disregards some properties of the CSI and is thus a (lossy)
compressed representation. On the other side, it lies in defining
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the entropy on a single CSI, and not on the entire population
of CSI’s in an experiment. Thus we have a mathematically
correct formulation, but the interpretation through information
theory may be non-trivial.

Discussing the properties of Egs. (4) and (5), if the channel
is perfectly equalized, then H(A;) = 0 because only one
element M;(a*) = 1 and all others are 0. Also, a simple
attenuation or amplification of the CSI does not yield any
mutual information in this framework, as H(A;) = H(A;) =
H(A;,A;) = 0. This is coherent with the intuition that
a perfectly equalized channel does not bear information on
the propagation environment, because in its corresponding
physical modeling the “environment” is the empty space.

By definition, the MI is non-negative, therefore deriving its
lower bound (0) is immediate. Deriving the upper bound is less
intuitive, but not difficult, as follows. Conditional entropies are
always non-negative and MI is symmetrical:

I(Ai;; Aj) = H(Aj) — H(Aj|A;) < H(A;j)
I(A;; A;) = H(A;) — H(A|A;) < H(A) (6)
I(Aj; A;) = I(A;; Aj) < min{H(A;), H(A;)} [bit].

Since we quantize CSI amplitudes on |A] = 27 values,
the maximum MI we can obtain from M; ; is ¢ bits. This
upper bound can only be reached for identical CSI’s if the
probability distribution of the 29 quantized values is uniform,
ie, M;(a) = & Va € [0,2¢ — 1]. In this framework, the
maximum entropy and thus the maximum MI of a CSI with
itself can only be achieved if Ny = k- 27 with k integer, as
this is the only condition that enables a uniform distribution
over M;(a). If, instead, Ny # k - 29, the entropy H(A;) in
Eq. (4) is strictly lower than the theoretical maximum.

Specifically, if 29 > Ny, we can write 29 = m - Ny + 7,
with m = LAQ,—:CJ, 0 < r < Ny In this case, to maximize the
entropy, values in .4; have probability

M;(a) = lec for Ny values -
0 for 29 — Nsc values
Hence,
Hopaz(Ai) = logs[Ne] < log,[29] = g ®)

Instead, if 29 < Ny, we can write Ny = n - 29 + s, with

n=[85¢] 0 < s < 2% To keep the distribution as close to

uniform as possible, values in .A4; will have probability

= for 29 — s values
M;(a) = {iﬁa )

for s values

Nsc
Hence,
n+1 n-+1
H V= —s- 1
maz(Ai) = =5+ T - logs [ Ne ]
n n (10)
—(27—-5s)- -lo
@) 5 oms | 5|
<log,[29] = ¢

In general, since some subcarriers are suppressed, we never
have 29 = k - Ny, always enforcing H,, .. (A;) < q.
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Figure 3. Ac(k,-) from experiment E20.0/3 (blue) and two artificial CSI:
maximal entropy (yellow) and linear channel (red) quantized over g = 6 bits.

To better grasp the characteristics of entropy and MI com-
puted on M; ;, we focus in Fig. 3 on three different CSI
quantized on ¢ = 6 bits. In blue is a CSI from E20.0/3,
in red an ideal-channel CSI and in yellow an artificial CSI
that maximizes the entropy. Let us call A;, A,, and A, their
respective alphabets. We have H(Ap) = 5.08, H(A,) = 0,
and H(A,) = 5.99. As expected, free-space propagation bears
no information, while a normal CSI has an entropy very close
to the maximum, thus we can expect MI computed on M, ; to
give meaningful insight on CSI collected in different scenarios.

V. REFERENCE CSI

To characterize scenarios, we need to identify a fingerprint
representing all CSI that regard a scenario. The simplest choice
is defining the reference as the average of Ac(k,-) over an
experiment C:

18

AG() = — Ac(k,-). 11

o) = 35 2 Aok ) (n

k=1

This way we can define the MI I(A;; A%) between an arbitrary
CSI 7 and a reference for a specific scenario s, where A is the
specific alphabet computed on A, of an experiment selected
as representative of scenario s.

VI. RESULTS

Since the complete dataset amounts to over 800000 CSI
samples and over 6 hours of data collection, only a subset of
the experiments analysis can be presented. However, all results
are tested on the whole dataset to guarantee general validity.

We first report the analysis of the distribution of the MI
computed across different experiments. Focusing on 80 MHz
bandwidth with ¢ = 9 quantization bits, we randomly select
E80.0/4 among the empty room collections as reference ex-
periment and compute its Ag,. Figure 4 compares the MI dis-
tribution computed between several experiments of the green
configuration and the reference; each point of the distribution
is computed as I(A;;.A%}) with ¢ spanning all the CSI’s of
the experiment under consideration. The MI is maximal and
remarkably similar between empty-room experiments (blue)
and decreases when a person is sitting in the room (red) or
people are moving around (yellow).
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Figure 4. Distribution of the mutual information I(A;;.A%;), where A},
refers to experiment E80.0/4 (top); ¢ = 9 bits.
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Figure 5. Representation of 10% of experiment M80.1/7 Ac with the relative
A*c in black. In red, A’(‘j computed on E80.0/4; ¢ = 9 bits.

Given the nice properties of I(A;;Aj) highlighted in
Fig. 4, a classification based on I(A;;A*), with A* derived
from an experiment representing a specific situation, might
seem robust enough to solve many, if not most, of the inter-
esting ambient sensing tasks. Unfortunately, this is not true, at
least unless the situations are crafted at art, and Fig. 5 helps
explaining why. When an experiment is not characterized by a
stationary — in the sense of a system regime — situation (e.g., a
specific movement repeated constantly during the experiment),
but rather by a normal everyday life activity (e.g., people
moving randomly in the room), its characterization through

¢ tends in the limit to the empty room Ag: all the CSI’s
of the experiment contain the empty room features plus —
or, rather, distorted by — some randomness impressed by the
specific situation ‘snapshot’ when the frame was transmitted.
This is valid in general for every situation. Figure 5 reports
roughly 600 Ac uniformly selected throughout experiment
MS80.1/7; we do not plot all Ac simply because the figure
size in Mbytes would be too large to include. In black is the
Ag of the same experiment, compared with Ag of experiment
E80.0/4 in red. All CSI’s are quantized over ¢ = 9 bits. It
is clear that the two averages are quite similar even though
experiments are taken at different times, in very different
scenarios; hence, conditioning I(;) on experiments that were
not performed in the empty-room scenario is meaningless.

We think this observation is important and influences any
work on sensing based on CSI analysis. As future work we

plan to study appropriate methodologies to pre-process CSI
samples to remove the empty-room fingerprint to help classi-
fication and recognition. Unfortunately, simply subtracting A
of the empty room does not seem to yield reliable results.

To complete the analysis, Fig. 6 reports an evaluation
conducted on the entire dataset of the average MI computed on
I(A;; A%) measures. Each of the six plots reported in Fig. 6
refers to a group of experiments that make comparison and
classification meaningful, i.e., same position of Tx/Rx and
same bandwidth. In each group, one empty-room experiment
is taken as reference together with its alphabet A%; then,
all MI I(A;;.A%) are computed, splitting every experiment
into 50 different batches of CSI’s, so that confidence intervals
can be computed to verify the reliability of results. This
procedure is repeated for ¢ = 6,7,8,9 to analyze the impact
of quantization granularity also as a function of the bandwidth:
since it obviously changes Ny, it influences the significance
of MI, as discussed in Sect. IV. Each of the points in the
plots reports the average MI and the confidence interval with
a confidence level of 99%. Indeed, the confidence intervals
are so small that they cannot be distinguished from the marks
of the point estimate, indicating that the average MI measures
are extremely stable even during long experiments.

The most interesting result emerging from Fig. 6 is the
choice of ¢ confirming the theoretical analysis: a very fine-
grained quantization makes the MI between any experiment
and the empty-room reference nearly equal, making it im-
possible to gain enough information to tell scenarios apart.
Switching to lower ¢, the scenarios become easier to discern,
with the best outcomes coming from 80 MHz in LoS condi-
tions. The lack of LoS impairs the ‘cleanliness’ of the MI
metric: the empty room remains easy to identify, with more
difficulties in telling apart the sitting and moving scenarios.

Finally, everyday, common alterations of the layout of the
environment (e.g., desks or chairs disposition) may make the
empty room appear as a different scenario when comparing
experiments conducted on different weeks, due to the high
sensitivity of the CSI samples to changes in the environment.
This is what happens for the 20 MHz bandwidth case in Fig. 6,
where the proposed simple metric lacks detailed environment
classification capabilities; this is also due to the reduced
amount of information carried by CSI collected on a 20 MHz
channel, which only provides 242 subcarriers for the estima-
tion of M,; ; compared to the 1024 of an 80 MHz channel.
In a people detection system based on the proposed metric, a
simple solution to this problem would be to periodically update
the reference Ay to prevent the information on the ‘footprint’
of the empty room from going stale and consequently hinder
new MI computations.

VII. DISCUSSION AND FUTURE WORK

This paper is not meant to draw conclusions, but to open a
discussion and hopefully new research on CSI-based sensing
to help JCAS exit academia and innovate telecommunications.

The work stems from a simple question: Can we charac-
terize and understand the fundamental properties of the CSI
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Figure 6. Average I(A;; A};) computed over all the experiments grouped by scenario and Tx/Rx position. The main features characterizing the group of
experiments are reported under each plot. The reference experiment for each group is the first on the left marked with the x.

that enable accurate Al-based sensing? To tackle this ques-
tion, observing that approaches based on micro-propagation
models like ray-tracing are extremely complex and often fail
to generalize (e.g., because as frequency increases surfaces
scatter and do not reflect), we started looking at stochastic and
information theory models. This paper proposes a reduced-
complexity model to measure mutual information between
CSTI’s. The model is simple, prone to data-driven characteriza-
tion, and computationally inexpensive. Early results show that
the method is viable even with coarse quantization (fundamen-
tal to apply information theory results), with less quantization
bits often yielding even better results, as discussed in light of
information theory elements.

We think that ahead lies a vast area of research that can shed
more light on CSI analysis foundations. Here we highlight
some ideas that we want to explore ourselves, while also
offering them for discussion to the community. First, we
proposed a simple metric, but many others besides the matrix
M, ; we devised exist and just wait to be formalized and
explored. Next, Al can be applied to the proposed metric,
possibly yielding accurate classification alongside a stochastic
interpretation. In this same line, it would be very interesting
to apply successful Al methods from the literature to the
dataset we share with the community, since this dataset is
vast, varied, and collected in realistic conditions; similarly, it
would be interesting to apply this method to other available

103



datasets. A further direction involves devising metrics based
not only on the amplitude of single CSI subcarriers but on their
full stochastic representation as a multi-dimensional stochastic
process, including the correlation between the different mea-
sures and the time-frequency coherence. Finally, expanding the
dataset and analysis to 160 and 320 MHz-wide channels with
up to 4096 subcarriers in newer generations of Wi-Fi promises
better accuracy and further insights. In this same line, extend-
ing the approach to 5G and 6G technologies where the CSI
is not limited to preambles but is interspersed continuously in
the wireless connection can shed light into differences between
packet-oriented and circuit-oriented access technologies.
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