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ABSTRACT
Deployment of low-cost Wi-Fi sensing applications may impose strict constraints on available computational power, thereby
making the reduction of time required to process channel state information (CSI) measurements a matter of interest. Most works
on passive sensing for classification tasks achieve this via dimensionality reduction of CSI data prior to the training of machine
learning models, which in itself still imposes some computational burden. Subcarrier selection, which is a faster approach and
is widely used in another application domain (i.e., vital signal monitoring), is seldom considered; in the few works where it is
used, only a variance-based unsupervised strategy is applied. In this letter, a supervised linear-complexity subcarrier selection
strategy is proposed for enhanced sensing classification accuracy. The approach is validated through practical experiments whose
results show that the classification performance can approach or even surpass that obtained via dimensionality reduction, with
substantial time savings.

1 Introduction

The usage of Wi-Fi signals for passive sensing purposes, which
is achieved by leveraging channel state information (CSI) that is
estimated by receivers as per the IEEE 802.11 standard [1], has
been firmly established as a viable procedure in the technical lit-
erature. Some noteworthy examples of this approach is its recent
applications to: activity recognition [2]; position estimation [3];
fall [4] and intrusion detection [5]; heartbeat [6] and respiration
monitoring [7]; and materials identification [8]. Such a wide
range of useful applications, coupled with the development and
imminent release of a sensing-oriented amendment to the Wi-Fi
standard (i.e., the 802.11bf protocol) [9], indicates a near future
with widespread commercial sensing implementations.

In general, Wi-Fi sensing methods use machine learning (ML)
to make inferences from CSI data. Since most implementations
are expected to be carried out with low-cost hardware (i.e.,
Internet of Things devices or user-grade computers with off-the-
shelf network cards) [10], it is critical to ensure that training the
ML models does not demand excessive computational resources.
Two preprocessing approaches commonly used in sensing for
reducing the computational burden are dimensionality reduction
and subcarrier selection [11]. The former consists of applying a
linear projection technique (in most cases, principal component
analysis - PCA; see [12]), whereas the latter employs a given
heuristic to select a subset of subcarriers whose CSI values
will feed the ML model (e.g., as in [13, 14]). Dimensionality
reduction entails relatively costly matrix computations, and thus
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using subcarrier selection is of interest if processing time is
deemed critical.

Subcarrier selection is mostly employed for vital signal monitor-
ing applications, in which the basic principle is using the training
data to compute CSI variance for each subcarrier and, subse-
quently, selecting a given number of subcarriers with the largest
variances (which indicate greater sensitivity to the vital signal) for
further processing. Existing strategies mostly differ with respect
to complementary criteria (i.e., other than variance) used during
selection; for instance, spectral stability [15], periodicity [16] and
vital signal energy ratio [17] may be assessed.

Contrastingly, very few classification-oriented applications (such
as activity recognition) use subcarrier selection and those which
do are based on the simplistic unsupervised strategy of selecting
a number of subcarriers with the smallest CSI variances (e.g.,
[18, 19]) for improving classification accuracy. Despite its proven
effectiveness, this approach does not consider two important
aspects during the selection process, namely: (i) the available
class labels, which can be leveraged to evaluate inter-class
variance and (ii) the correlation between adjacent-frequency
subcarriers, which reduces mutual information. Taking this
into account, this letter proposes a linear-complexity supervised
strategy considering such factors in order to improve sensing
accuracy when the subcarrier selection approach is used for
classification tasks.

2 Preliminaries

The 802.11 receiver computes CSI for each incoming packet
(physical protocol data unit - PPDU), which is an estimate of
the frequency response (amplitude and phase) of the wireless
channel at given frequencies, namely those of the orthogonal fre-
quency divisionmultiplexing (OFDM) subcarriers. For subcarrier
𝑖with frequency 𝑓𝑖 in themultiple inputmultiple output (MIMO)
stream 𝑗, we have [20]:

𝑅𝑗(𝑓𝑖) = 𝐻𝑖𝑗 ⋅ 𝑆(𝑓𝑖) +𝑁𝑗(𝑓𝑖) ⇒ 𝐻𝑖𝑗 ≈
𝑅𝑗(𝑓𝑖)

𝑆(𝑓𝑖)
(1)

where 𝑆(𝑓𝑖) is the transmitted OFDM symbol at 𝑓𝑖 of a
training sequence, 𝑅𝑗(𝑓𝑖) is the corresponding received sym-
bol, 𝑁𝑗(𝑓𝑖) denotes noise and 𝐻𝑖𝑗 ∈ ℂ is the estimated CSI
of subcarrier 𝑖 in the 𝑗-th MIMO stream. If there are 𝑀1
subcarriers and 𝑀2 streams, then a CSI vector 𝒙 = [𝑥𝑖]1×𝑀 =
[𝐻11 𝐻12 ⋯𝐻1𝑀1 𝐻21 𝐻22 ⋯𝐻2𝑀1 ⋯𝐻𝑀2𝑀1] of dimension 𝑀 =
𝑀2𝑀1 is computed for every PPDU.Now, if𝑁 PPDUs are received,
𝑿 = [𝑋𝑖𝑗]𝑁×𝑀 = [𝒙⊤1 𝒙

⊤
2 ⋯𝒙

⊤
𝑁]
⊤ is the CSI data matrix that must

be preprocessed and used to train the ML model; at last, for
classification tasks, a label vector𝒚 = [𝑦𝑖]𝑁×1 accompaniesmatrix
𝑿 and indicates to which class each of the PPDUs belongs [21].

It has been shown that adequate accuracy can be obtained in
static scenarios (i.e., no class 𝑦𝑖 refers to a time-varying event) by
carrying out classification on a packet-by-packet basis [22]. On the
other hand, proper classification of dynamic events requires addi-
tional processing prior to the ML input. In this case, the full CSI
data are naturally segmented as 𝑿 = [𝑿⊤1 𝑿

⊤
2 ⋯𝑿

⊤
𝑃 ]
⊤, with 𝑿𝑖 =

[𝑋𝑖𝑗]𝑄×𝑀 and 𝑁 = 𝑃𝑄; each matrix 𝑿𝑖 corresponds to some fixed

FIGURE 1 Inter-class variance and scatter plots of CSI amplitude
data.

𝑦𝑖 and 𝑄 is the event window. A feature extractor ℎ ∶ ℂ𝑄×𝑀 →
ℂ1×𝐻 is applied to each 𝑿𝑖 to generate 𝐻-dimensional feature
vectors 𝒙′

𝑖
= ℎ(𝑿𝑖), which compose a matrix 𝑿′ = [𝑋′

𝑖𝑗
]𝑃×𝐻 =

[𝒙′⊤1 𝒙
′⊤
2 ⋯𝒙

′⊤
𝑃 ]
⊤ that feeds the ML algorithm [3].

Note that, since CSI phase (recall that 𝐻𝑖𝑗 ∈ ℂ) is inherently
noisy and requires more elaborate preprocessing techniques to
be usable, many methods simply opt to only use the amplitude
[23]. Since we aim at a low-complexity method, such approach is
henceforth adopted. However, all theoretical considerations that
follow are applicable to CSI phase.

3 Motivation

To expose the intuition that motivates this work, we present
in Figure 1a,b, respectively, the inter-class amplitude variance
for each 2 × 2 MIMO stream of a 160 MHz system (𝑀1 = 501
subcarriers) and a corresponding scatter plot of the subcarrier
1 amplitude against that of different subcarriers (denoted as 𝑢).
These plots are normalized and pertain to the data collected in an
experiment to be described further in this letter, and comprise a
total of 9300 PPDUs and seven classes.

Let Σ2𝑢 be the variance of subcarrier 𝑢, which is decomposed
into intra-class (Σ2𝑢0) and inter-class (𝜎

2
𝑢) variances as Σ2𝑢 = Σ2𝑢0 +

𝜎2𝑢. At first, it is clear that the usual preprocessing approach
of selecting 𝑢 such that Σ2𝑢 is minimized does not ensure
optimality for classification, since class separability is associated
with maximizing 𝜎2𝑢. An optimal selection will only be made if
Σ2𝑢0 ≫ 𝜎

2
𝑢, which cannot be ascertained a priori.

Aside from the above consideration, we now consider the
problem of subcarrier correlation. Referring to Figure 1a,b and
focusing on streamTX1-RX1 and subcarriers𝑢 = 330, 400, 405 (all
of which are local maxima in the inter-class variance plot), it is
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seen that 𝜎2330 < 𝜎
2
400 and 𝜎

2
330 < 𝜎

2
405. Despite this fact, it is clear

from the scatter plot that subcarriers 400 and 405 are strongly
correlated and therefore redundant; subcarrier pairs {330, 400}
and {330, 405} both explain the CSI data better than the pair
{400, 405}. It is thus clear that, aside from interclass variance,
correlation between the CSI of different subcarriers is relevant
and should be considered in the subcarrier selection process.

The subcarrier selection strategy proposed in what follows aims
at tackling the above problems to improve classification perfor-
mance while maintaining a relatively small computational com-
plexity.

4 Proposed Strategy

It is proposed that supervised subcarrier selection be carried
out as follows. Two integer parameters are first chosen: the
number of subcarriers to be selected per stream (𝐾) and the
minimum subcarrier spacing (Δ). Now, each 𝜎2

𝑖
, 𝑖 = 1, 2, … ,𝑀

is computed for the training set 𝑿tr, with aid of the label vector
𝒚tr. In particular, we note that if feature extraction is used, 𝜎2𝑖 is
computed over the space of extracted features for subcarrier 𝑖 in
𝑿′tr. Then, ordered sets 𝑗 of subcarrier indices, 𝑗 = 1, 2, … ,𝑀2
(one per MIMO stream), are formed, with an order relation of
decreasing 𝜎2

𝑖
. At last, for each 𝑗 , the following algorithm is used

to populate a selection set 𝑗:

1. Set 𝑘 = 1 and 𝑗 = ∅;

2. 𝑗 ← 𝑗 ∪ 𝑗(𝑘);

3. 𝑘 ← 𝑘 + 1;

4. If 𝑘 > 𝑀1 or #𝑗 = 𝐾, go to Step 6;

5. If min𝑢 |𝑘 − 𝑗(𝑢)| ≥ Δ and #𝑗 < 𝐾, then go to Step 2. In
other case, go to Step 3;

6. Return 𝑗 .

In the above algorithm, 𝑗(𝑘) is the 𝑘-th element of ordered set
𝑗 and #𝑆𝑗 is the number of elements in 𝑆𝑗 . As a last step, the
final set of selected subcarriers is obtained as  =

⋃𝑀2

𝑗=1 𝑗 . Put
simply: for each stream, the subcarriers with greatest inter-class
variance are selected, except when a candidate subcarrier violates
a minimum spacing criterion and is thus excluded. An equal
number 𝐾 of subcarriers is selected from each stream, which is
done to leverage space diversity in a simple manner [24]; the total
number of selected subcarriers is thus 𝐾𝑀2.

To explain why the spacing mechanism implemented via Δ
is expected to improve sensing accuracy, recall that wireless
channels are subject to multipath propagation and can thus
be modelled by a frequency response with some coherence
bandwidth 𝐵𝑐 [25]. A pair of subcarriers 𝑖 and 𝑗 such that |𝑖 − 𝑗| ⋅
𝛿𝑓 < 𝐵𝑐, where 𝛿𝑓 is the OFDM subcarrier spacing, is expected
to present high coherence and, as a consequence, redundancy.
Hence, Δ prevents neighbouring subcarriers to be selected based
solely on inter-class variance, which would otherwise very likely
happen precisely due to their coherence (and thus similar
variances).

In principle, we could compute the Pearson correlation coeffi-
cients between each pair of subcarriers in each stream and use
them to obtain  . However, this approach entails a quadratic
computational complexity of 𝑂(𝑁𝑀21𝑀2), corresponding to the
computation of𝑀2 covariance matrices, each with 𝑁 data points
of dimension𝑀1. On the other hand, the proposed method has a
linear complexity of𝑂(𝑁𝑀1𝑀2), since it only requires computing
inter-class variance of 𝑀1𝑀2 subcarriers. As we aim at low
complexity, the Δ-based approach is more expedient.

For further comparison, dimensionality reduction with either
PCA or linear discriminant analysis (LDA, which is a super-
vised method) would imply a complexity 𝑂(𝑁𝑀2 +𝑀3) =
𝑂(𝑁𝑀21𝑀

2
2 +𝑀

3
1𝑀

3
2) [26]. In a further section, the relative pre-

processing time benefit yielded by the linear complexity of the
proposed method will become clear.

We note that, for simplicity, 𝐾 and Δ have been assumed as given
thus far. In the subsequent section, we suggest straightforward
strategies for selecting such parameters in case trial-and-error is
deemed undesirable.

5 Parameter Selection

The value of 𝐾 determines the amount of features that are used
for training the ML algorithm, which entails a trade-off between
computational burden and classification accuracy. Hence, if an
automated selection of 𝐾 is desired, we propose that it be carried
out by assessing the fraction 𝛼 of explained CSI inter-class
variance as a function of 𝐾. In other words, let 𝜎2total and 𝛼th
be the total inter-class variance (i.e., for 𝐾 = 𝑀2) and a desired
threshold, respectively. Then, 𝐾 is selected as the smallest value
that satisfies 𝛼(𝐾, 𝜎2total) ≥ 𝛼th.

A data-driven selection of Δ would not be as straightforward
since, as mentioned in the previous section, CSI correlation
between adjacent subcarriers ismainly a function of environment
multi-path propagation properties [25]. Hence, to leverage this
important physical significance, it is proposed that the heuristic
Δ > 𝐵𝑐∕𝛿𝑓 be used for selecting Δ by employing typical tabulated
values of coherence bandwidth 𝐵𝑐.

At last, we note that, to ensure that𝐾 subcarrierswith aminimum
spacing of Δ can always be selected, 𝐾Δ < 𝑀1 must be satisfied.

6 Validation

To evaluate the proposed method, indoor experiments involving
the task of jointly classifying human position and activity are
considered. Both static and dynamic scenarios are taken into
account, with packet-wise classification being carried out in the
former case and feature extraction in the latter (as discussed in a
previous section). We now describe the general setup common to
both considered scenarios.

The designed indoor sensing problem, which is illustrated in
Figure 2, consists in discriminating between different classes
which correspond to possible combinations of human positions
and activities; an additional class associated to no human pres-
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FIGURE 2 Illustration of the sensing scenario.

ence is also included. In the static case, three positions and
two activities (standing and sitting) are considered, whereas the
dynamic scenario includes two additional activities which are, of
course, time-varying (clapping hands and crossing arms).

A 2 × 2 MIMO link is considered that consists of two AX-210
network cards operating at a carrier frequency of 6.0125 GHz,
with 160MHz and 312.5 kHz channel and subcarrier bandwidths,
respectively (𝑀1 = 501,𝑀2 = 4). For each of the sensing classes,
PPDUs are transmitted over the link at a rate 𝑅 (specified later)
over a 30 s time period; this process is repeated for five volunteers
(except for the no-presence class). The PicoScenes tool [27] was
used to set up the link and extract CSI values.

The proposed approach is used to preprocess the collected CSI
data prior to a support vector machine (SVM) classifier with
regularization parameter 𝐶 = 1 and radial basis function kernel.
Its performance is compared, in terms of run time and classifi-
cation accuracy (evaluated via tenfold cross-validation), against
that obtained with PCA, LDA and the ordinary unsupervised
subcarrier selection approach.

7 Static Experiment - First Part

For the static scenario, the selected PPDU rate is 𝑅 = 10 Hz; a
total of 𝑁 = 9300 PPDUs were collected. In this first part of the
experiment, we select Δ = 8 based on the previously proposed
heuristic (which yields Δ > 7 for the typical indoor coherence
bandwidth 𝐵𝑐 ≈ 2.3 MHz [28]) and performances are evaluated
for 𝐾 = 1, 3, 6, … , 45. Note that, for PCA and LDA, 𝐾 stands for
the number of features in the transformed domain per MIMO
stream (whereas, in subcarrier selection, it is simply the number
of selected subcarriers). The effect on accuracy due to varying Δ
and selecting 𝐾 based on explained variance will be examined in
the second part of this experiment.

Obtained results are depicted in Figure 3, where 𝑡method and
𝑎method denote the run time and accuracy of a given preprocessing
method; the unsupervised subcarrier selection approach and the
proposed method are denoted by SCS and SCSp, respectively. For
further comparison, we also present the values of 𝑇SVM, which
is the average, taken over all of the preprocessing methods, of
measured SVM training time.

FIGURE 3 Comparison of run time and accuracy for different
methods.

FIGURE 4 Accuracy of the proposed method in terms of subcarrier
spacing.

The results make it clear that the proposed method successfully
reduces overall run time compared to PCA and LDA. On average,
these latter methods yielded (𝑇SVM + 𝑡PCA,LDA)∕𝑇SVM > 10, which
shows an order of magnitude increase due to preprocessing. This
is not the case for the proposed approach, for which (𝑇SVM +
𝑡SCS𝑝 )∕𝑇SVM < 3 on average. It is relevant to note that such results
are in agreement with the computational complexity analysis
carried out in a previous section.

With regard to accuracy, it is seen that, for sufficiently large
𝐾, the proposed method converges to the performance of PCA
and LDA. This is a theoretically sound result: since PCA and
LDA compress most of the CSI variance into the dominant
components of the transformed domain, their accuracies are
indeed expected to converge faster in𝐾. In any case, a satisfactory
convergence is achieved by the proposed method due to its usage
of weakly correlated subcarriers. This point becomes clear via
comparison to standard subcarrier selection: since it does not
mitigate subcarrier correlation, its accuracy convergence is poor.

8 Static Experiment - Second Part

For amore comprehensive analysis, the same data of the previous
section is used for assessing the accuracy yielded by the proposed
approach for different values of theminimum subcarrier spacing,
namely Δ = 1, 2, … , 15. Such evaluation is carried out with 𝐾 =
2, 5, 10; these values of𝐾 are considered since Figure 3 shows that
accuracy is already close to convergence at𝐾 = 9. Finally, we also
evaluate the accuracy obtained by using Δ = 8 with the proposed
data-driven selection of 𝐾 for thresholds 𝛼th = 0.7, 0.8, 0.9.

The results are given in Figure 4,where𝑎𝐾=𝜔 denotes the accuracy
for 𝐾 = 𝜔. As already expected from previous analysis, it is seen
that larger 𝐾 yields better performance for a given Δ. More
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importantly, it is clear that largerΔ values enable the achievement
of greater accuracy for a fixed number of subcarriers 𝐾. This fact
highlights an interesting advantage of the proposed method: by
increasingΔ, accuracy can bemaintainedwith smaller𝐾 and thus
with less computational burden. On the other hand,Δmay not be
increased arbitrarily: by recalling that 𝐾Δ < 𝑀1, we see that an
exceedingly large Δ will greatly reduce the maximum allowable
value of 𝐾, which leads to decreased accuracy.

It is seen that convergence of accuracy in Δ is faster for larger
𝐾, which can be explained by the fact that more subcarriers yield
better frequency diversity (and thus improved decorrelation) even
whenΔ is small. Note that convergence for𝐾 = 2 begins atΔ ≈ 8.
This fully agreeswith the proposed heuristic for selectingΔ (recall
that it resulted in Δ = 8 in the previous section), that is, two
subcarriers (𝐾 = 2) with indices 𝑖 and 𝑗 become approximately
decorrelated for |𝑖 − 𝑗| > 7.

At last, consider the accuracies obtained by means of data-driven
selection of parameter 𝐾. Comparison of such results with the
𝑎𝐾=10 curve make it particularly clear that the proposed approach
managed to compute 𝐾 values for which accuracy convergence is
ensured. It must be noted, however, that adequate performance
can be obtained with smaller values of 𝐾 than those computed
via data-driven selection. In fact, the selected parameter values
(for increasing 𝛼th) were 𝐾 = 26, 32, 40.

9 Dynamic Experiment

For the dynamic scenario, we select 𝑅 = 100 Hz and an event
window of 𝑄 = 300, which corresponds to 3 s events; a total
of 𝑁 = 183, 000 PPDUs were captured in this experiment. The
feature extractor ℎ computes the mean, standard deviation, and
skewness for each subcarrier amplitude. Hence, it is a map ℎ ∶
ℝ300×2004 → ℝ1×6012 and the featurematrix𝑿′ dimensions are thus
𝑃 = 610 and𝐻 = 6012.

Aside from enabling the evaluation of time-varying activities,
this experiment is also relevant due to it being representative
of the small sample size problem (𝐻 > 𝑃) introduced by feature
extraction over the event window. In such circumstances, PCA
is known to have worsened performance due to the effective
dimensionality of its transformed domain being limited to 𝑃 [29],
whereas LDA is prone to divergence due to severe ill-conditioning
of its within-class scatter matrix [30].

We proceed as in the first part of the static experiment and
evaluate the performances of each method for 𝐾 = 1, 3, 6, … , 45
and Δ = 8; additionally, we evaluate the proposed data-driven
selection of 𝐾 for 𝛼th = 0.7, 0.8, 0.9. Obtained results are given
in Figure 5, where we only display accuracy data since run
time results were very similar to those already analysed for the
static experiment. The LDA approach is not shown because, in
agreement with the above discussion, it diverged for all𝐾. At last,
the confusionmatrix for proposedmethodwith𝐾 = 45 is given in
Figure 6, where the following acronyms are used for the activities:
St (standing), Si (sitting), Cl (clapping hands), Cr (crossing arms).

It is remarkable that the proposed approach consistently sur-
passed the accuracy of PCA, with a single exception at 𝐾 = 9.

FIGURE 5 Comparison of accuracy for different methods in
dynamic scenario.

FIGURE 6 Confusion matrix for the proposed method (𝐾 = 45).

This result can be considered consistentwith the above discussion
on small sample size: Since PCA is forced to compress data
variance into a lower-dimensional transformed domain, its larger
eigenvalues become less dominant and more information is lost
in the discarded principal components. The proposedmethod has
no such limitation, since its computations are subcarrier-wise and
not constrained by the number of samples.

We observe that, similarly to previous results, (i) ordinary sub-
carrier selection consistently remains as the underperforming
method and (ii) the proposed data-driven selection of 𝐾 suc-
cessfully obtained parameter values (𝐾 = 24, 31, 39) which yield
satisfactory convergence. At last, it is of interest to notice, in
Figure 6, that all classification errors pertain either to a common
activity or position. This is an intuitively satisfactory result, as CSI
patterns associated to a change only in location or activity must
have greater similarity than when both factors are altered.

10 Conclusion

A novel subcarrier selection method applicable to classification-
oriented tasks in Wi-Fi sensing was proposed. Differently from
an often-used unsupervised approach, it leverages class labels to
achieve a supervised selection based on inter-class variance and
employs aminimumsubcarrier spacing scheme to prevent redun-
dancy of CSI data. Compared to dimensionality reduction-based
approaches, it has an advantageous linear computational com-
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plexity. Validation was carried out by experiment, whose results
show that the proposed method yields significant preprocessing
time savings and converges to accuracies either comparable or
better than those obtained with dimensionality reduction.
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