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ABSTRACT The emerging field of Joint Communication and Sensing (JCAS) will have a substantial
impact on future wireless communication systems and how people interact with them. The investigation of
sensing large crowds with these communication systems still lacks thorough exploration. Current studies
are generally based on small-scale experiments with few participants. However, these studies are not
representative in comparison to large crowds. By passively sensing an environment, it is possible to link the
captured electromagnetic (EM) activity within that area to the crowd size without applying any demodulation
or decoding of packets and preserving privacy. Measurements were conducted in an exclusive area at a large
music festival, using ten Software-Defined Radios (SDRs) to capture EM wave energy across several Wi-Fi
and LTE bands. The collected data were compared to a validation data set. The study shows that the short-time
Fourier transform (STFT) and the magnitude extraction technique are two viable techniques to apply to the
captured data sets. Additionally, the correlations found between the validation data set and the LTE data sets
are significantly stronger than those in the Wi-Fi data sets. This indicates that further research is needed on
specific frequency band selection, advanced digital signal processing methods and scalable data-capturing
strategies.

INDEX TERMS Crowd size, electromagnetic wave energy, JCAS, LTE, magnitude extraction, passive
sensing, STFT, Wi-Fi.

I. INTRODUCTION

The nascent field of Joint Communication and Sensing
(JCAS) will become an important part of the Sixth Generation
of Wireless Technologies (6G) and even beyond. The
idea of transforming wireless networks into sensors seems
unattainable, yet it will have a tremendous impact on how
people interact with these networks. Additionally, efficient
spectrum usage is becoming significantly important. Wild
et al. claim that with the ongoing evolution of 5G and 6G,
bandwidths in the order of 1 GHz or more are expected,
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which can enable high-resolution sensing capabilities [1].
Although many of these new applications are aimed at
industrial or environmental use, objects and persons will have
the leading role in this field. When examining the currently
investigated methods of sensing crowds in environments, it is
found that it can be achieved using low-cost Received Signal
Strength Indication (RSSI) based methods. These methods
are straightforward to implement but are prone to multipath
effects that influence the accuracy of these systems [2], [3].
Another common method is Channel State Information (CSI),
which can be used for crowd counting at a small-scale,
device-free activity and gesture recognition using Wi-Fi
and LTE [4], [5], [6], [7], [8]. A final method, which is
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FIGURE 1. Top view of the measurement area where five DCUs are
deployed. The hypothesis states that it is feasible to link crowd sizes
through the proxy of the EM activity found in Wi-Fi and LTE bands.

being thoroughly investigated, is the use of Passive Wi-Fi
Radar (PWR). This method typically uses Wi-Fi access
points and Software-Defined Radios (SDRs), which need
two synchronised receiver channels. A surveillance channel
receives the reflecting signals, while the reference channel
has a direct path link to the transmitted signal [6], [9]. This
technique typically works well in small-scale experiments.
In summary, these methods strongly focus on activity recog-
nition, localisation, tracking, and presence detection [10].
Upon examining the methods currently under investigation
in the field of JCAS, it becomes apparent that little to
no research is conducted on passive crowd size sensing.
This presents an opportunity for exploratory investigation.
By defining passive crowd size sensing as the detection
and collection of the crowds’ generated electromagnetic
(EM) activity of any transceiver that they carry. This
implies that persons can have any active communication
link to a third-party system, but do not have any active
connection to the presented measurement setup. This means
that this deployed sensing system is external to other possible
available communication systems. It is important to note that
there is no prior knowledge of the number of transmitters
in the vicinity. Subsequently, it is needed to sense in a
privacy-aware fashion. This means that no demodulation and
decoding of packets is applied. To validate the obtained data,
a device-free or non-invasive sensing system is used. The
system senses or detects persons without relying on persons
being equipped with any transceiver [3], [11]. The hypothesis,
which is depicted in Fig. 1, states that it is achievable to link
the number of people in an area through the use of generated
EM activity. Whereas low activity indicates few people on the
premises, high activity means many people are in the area of
interest.
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In Section II, the systems applied in the measurement
environment are discussed, including the data set used
for validation. Furthermore, the applied signal processing
techniques to the gathered data sets are explained. Addi-
tionally, the scaling of the Power Spectral Density (PSD)
functions over time is investigated. Eventually, the standards
and guidelines regarding electromagnetic field exposure are
briefly touched upon. Thereafter, the results are shown, which
are extensively discussed in Section III. Finally, conclusions
are drawn regarding the work and a look at future research is
given in Section I'V.

Il. METHODOLOGY

The measurements are conducted at an exclusive area of the
Tomorrowland music festival in Boom, Belgium. The festival
took place for two weekends in July 2023 and hosted about
200000 attendees per weekend. The measurement setups
were placed in the business-to-business (B2B) environment.
This area spanned about 1500m? and is located between
two other exclusive environments, which are part of a
three-storey construction with a view of the festival’s main
stage. To sense the environment, i.e. measure the EM wave
energy, five Data Capture Units (DCUs) are placed behind
the bar of the storey at a height of three metres. Each
DCU contains two Ettus Research Universal Software Radio
Peripherals (USRP) B210 SDR devices onboard, which are
connected to omnidirectional dipole antennas. Each USRP
has an instantaneous bandwidth of 56 MHz and a frequency
receiving range from 70 MHz up to 6 GHz. Per DCU, an Intel
NUC is responsible for the sampling process and storing
the generated complex baseband data. If a sample of a
Wi-Fi channel of 20 MHz is recorded continuously for one
hour, this will result in 288 GB of data without having any
data loss. This would be unmaintainable in terms of data
storage and post-processing. Therefore, 40 random samples
per hour are recorded throughout the entire weekend, where
each sample lasts one second. Eventually, a total of 2560
In-phase and Quadrature (I/Q) samples during 64 hours were
obtained per captured channel for weekend one. A random
sampling method is a type of probability sampling that is
straightforward to implement and has the benefit of reducing
bias while maintaining representativeness.

The setup is configured in a way that three DCUs capture
two standard non-overlapping Wi-Fi channels in the 2.4 GHz
band. DCU 2 and 4 were configured similarly for comparison
and redundancy, whereas DCU 3 recorded samples in a more
commonly used data type. DCU 2 and DCU 4 save data in the
complex short 16 data type, whereas DCU 3 records data in
the complex float 32 data type. However, no data loss occurs
when using the complex short 16 data type. This is because
the Analogue-to-Digital Converter (ADC) in the USRP B210
has a 12-bit resolution. The data is converted to a larger data
type by the USRP Hardware Driver (UHD) upon request of
the specific application. The use of a smaller data type does
affect the scale of the data. In particular, the scale or dynamic
range will be altered by 96.33 dB. This value is calculated
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FIGURE 2. Comparison of a random complex short 16 sample (a) and a random complex float 32 sample (b) with matched scaling. The Power Spectral
Density of the sample is shown on a scale of 100 dB/Hz. It is discernible that there is a scaling offset between the samples.

TABLE 1. Overview of the configured centre frequencies, captured
bandwidths and used data types per DCU.

Fc¢ Bandwidth  Data type
(MHz) (MHz) (complex)
DCU2 Wi-FiCH 1 2412 20 int 16
DCU 2 Wi-Fi CH 11 2462 20 int 16
DCU3Wi-FiCH1 2412 20 float 32
DCU 3 Wi-Fi CH 11 2462 20 float 32
DCU4 Wi-FiCH 1 2412 20 int 16
DCU 4 Wi-Fi CH 11 2462 20 int 16
DCU1LTE BAND 1 816 10 int 16
DCU1LTE BAND 2 | 1837.5 25 int 16
DCUSLTE BAND 3 | 2162.5 25 int 16
DCU 5 LTE BAND 4 2680 20 int 16
as follows,
Adiﬁerence =20 10g10(2"), (1)

where n is the number of bits in difference per I-or
Q-component. In this case, n is equal to 16. To clarify
this further, the spectrograms of two random data samples
of both data types with a corrected scale are depicted in
Fig. 2. A more extensive clarification of these spectrograms
can be found in Section II-E. DCU 1 and 5 were config-
ured to capture specific LTE downlink Frequency-Division
Duplex (FDD) channels. Hereby, the focus was on the
LTE bands used by the three major Telecommunications
Service Providers (TSPs) in Belgium [12]. The rationale
behind using legacy Wi-Fi and LTE is their omnipresence,
along with attainable and similar bandwidth. This can be
observed in Table 1. Wi-Fi 5GHz and 5G cellular bands
could have been another choice to investigate. However,
newer technologies generally use higher bandwidths, which
translates into more data. To make a similar comparison
for these newer technologies, more expensive SDRs and
additional data storage are needed to capture these EM waves.
Additionally, data processing will be more computationally
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FIGURE 3. Overview of the data capturing process and the post-
processing chain, which is applied in the same way for each data set.

intensive. Table 1 depicts the used centre frequencies Fi,
bandwidths, and used data types for storage.

A. VALIDATION DATA SET

The Device-Free Sensing (DFS) system was deployed to the
area of interest, serving as a ground truth reference system.
This system is based on a Wireless Sensor Network (WSN)
and uses the DASH7 Alliance Protocol (D7AP). The network
consists of several nodes that are placed at the edge of the
measurement area. In this setup, 27 transceivers were used.
The nodes send and receive RSSI values to one another as a
vector. These transmissions, and therefore the RSSI values,
are affected by the human bodies within the area of interest.
Eventually, all these RSSI vectors are collected and processed
by a gateway that computes a mean attenuation value. This
system is a proper validation system as it is thoroughly
deployed and tested by Denis et al. [11], [13], [14].
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FIGURE 4. A depiction of the attenuation of the Device-Free Sensing data during weekend one. The graph contains six markers that indicate the
opening and closing of each day of the festival.
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FIGURE 5. The two figures show the activity within four different LTE channels when the STFT is applied. For each graph, six markers are found,
which indicate the opening and the closing per day of the festival. It can be seen that, overall, the fluctuations do not differ significantly between
the LTE channels.

B. SHORT-TIME FOURIER TRANSFORM
The short-time Fourier transform (STFT) is one of the
many time-frequency analysis techniques available for

non-stationary signals [15]. The technique segments
time-domain signals into several frames. These frames are
subsequently multiplied by a sliding window function acting
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FIGURE 6. The three figures depict the EM wave activity over three consecutive days during weekend one of the festival, when the STFT is applied.
Wi-Fi channel 1 is shown in blue and Wi-Fi channel 11 in red for each DCU. For each graph, six markers are found, which indicate the opening and
the closing per day of the festival. It can be seen that fluctuations differ significantly between these time slots per day, per Wi-Fi channel and DCU.

as a filter. Consequently, the discrete Fourier transform (DFT)
is applied to each frame. By using this DFT operation,
combined with a sliding window, a better view of the spectral
content changes of the signal is obtained. The discrete STFT
is defined as:
L—1
Stmm = D x[kIwlk — m)e 7>,
k=0

@

where S(;;, ) is a function of time and frequency while m is
the frame index, n is the frequency bin index and k is the

VOLUME 13, 2025

time index. L is the window length or frame length. w[k] is
the specified window function of L-points multiplied with the
discrete time signal x[k]. Lastly, multiplication by a complex
sinusoid with a frequency defined by 7, which is part of the
DFT process. Eventually, an averaged energy value of the
obtained matrix is calculated,

X[m,n] = (3)

1 N-—1
N > |Simml -

n=0
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FIGURE 7. The two figures show the activity when the magnitude extraction method is applied within four different LTE channels. For each graph,
six markers are found, which indicate the opening and the closing per day of the festival. It can be seen that, overall, the fluctuations do not differ

significantly between the LTE channels.

Finally, a moving average over five samples is applied,
which smooths and decreases the effect of possible high peaks
or low valleys. Eventually, this smoothed data is converted to
a logarithmic scale to obtain the Power Spectral Density. This
can be expressed as:

k+4

PSDsjmn = 101ogjo(5 > Xim)- (4)
i=k

The spectral and temporal components that are gained can be
visualised in two or three dimensions. The third component
is the magnitude variation of the EM waves over time,
interpreted as activity or no activity. These activity markers
are seen as the signal strengths of the samples over time.
Due to the uncertainty principle of the Fourier transform,
it is impossible to have good time and frequency resolution
simultaneously [16]. This means that the achieved results
are always a trade-off. However, at this moment, the interest
lies more in the change of EM activity over time rather than
specific frequency changes. Consequently, selecting a smaller
window should gain a better time resolution. Nevertheless,
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to decrease computation time, the same parameters as used
in the initial work are applied [17]. A Hamming window is
initiated with 0% overlap between segments and setting the
number of DFT points and window size to 16 384.

C. BACKGROUND SUBTRACTION

By applying background subtraction to the Wi-Fi and LTE
data sets, a fair view is attained of what is happening in the
spectrograms of the samples. This is achieved by subtracting
nocturnal data recordings from the effective data. In this way,
the effect of static EM wave transceivers in the environment
is reduced. The result, i.e. the background-subtracted mean
attenuation per channel of the Wi-Fi and LTE data sets,
is visualised in Fig. 5 and Fig. 6. The effect of the technique is
that the fluctuations within the data sets become more visible.
The background data sets are based on 440 samples recorded
at night, i.e. the period after one festival day ends and before
the next begins. First, an STFT operation is applied to each
background sample. The STFT of the background samples
returns a matrix in the time-frequency domain filled with

VOLUME 13, 2025
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FIGURE 8. The three figures depict the activity when the magnitude extraction method is applied over three consecutive days during the first

weekend of the festival. Wi-Fi channel 1 is shown in blue and Wi-Fi channel 11 in red for each DCU. For each graph, six markers are found, which
indicate the opening and the closing per day of the festival. It can be seen that fluctuations differ significantly between these time slots per day,

per Wi-Fi channel and DCU.

complex numbers:
Spg € C. 5)

Notice that the same process is applied as stated in
Equation (2) and (3). Subsequently, the average of this matrix
is obtained as follows:

(6)
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with B being the number of samples used to calculate the
background and i being the index of each sample in the set
of samples. The same STFT settings as in Section II-B are
applied to the background data samples.

Thereafter, the mean attenuation of the 1/Q data samples
with background subtraction, i.e. a—pg is calculated as:

(S — She)
—

w=3,

N
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This will gain the EM activity per Wi-Fi channel. In Equa-
tion (7), S is the STFT of the I/Q data samples in which these
complex samples are converted to magnitude values, while
N is the number of elements in S. Aside from background
subtraction and sample-averaging, no other noise filtering
methods are applied.

D. MAGNITUDE EXTRACTION

A more exploratory, but less computationally intensive
method that was investigated is raw I/Q-pair magnitude
extraction. The magnitude of an I/Q sample is, in essence,
the representation of the voltage amplitude of the captured
wave at a specific moment in time. The data sets that were
recorded contain complex-valued baseband signals. To obtain
the instantaneous magnitude of a particular Wi-Fi or LTE
1/Q sample, i.e. a phasor, the root of the sum of the squared
quadrature components is taken. Subsequently, this operation
is applied to all the samples within one recording and
eventually averaged,

N
1 /
Pa'[n] = ]v E Il-z + Q,2 (8)
i=1

The power of the samples is calculated by taking the
logarithmic magnitude squared,

Papniap) = 1010g;0(Pp,))- ©

Finally, a moving average operation is applied as shown in
Equation (4). A complete overview of the data capturing
process and post-processing chain can be found in Fig. 3.
The results for weekend one for the DFS system are found
in Fig. 4, whereas the results for the STFT process are found
in Fig. 5 and Fig. 6. The outcome of the magnitude extraction
technique is found in Fig. 7 and Fig. 8. Subsequently, the
comparison between these data sets and the DFS data set is
clarified by calculating the Pearson and Kendall correlations.
These results are found in Table 2 and Table 3.

E. POWER SPECTRAL DENSITY SCALING
When calculating the STFT of a data sample, a third dimen-
sion is gained. This is the energy over time and frequency,
or power over each frequency bin. Since measuring the
correct amount of energy over time is crucial for passive
crowd size sensing, it is essential to interpret these measured
values correctly. As a preliminary point, it is important to
know what the lowest value in a sample is. This is achieved
by finding the noise power or Johnson-Nyquist noise of a
sample, which forms the start of defining the noise floor.

A theoretical approach to finding the noise power can gain
a better insight into the values that are shown in Fig. 2 (a)
and Fig. 2 (b), and eventually it will make more sense of the
outcome of the entire data set. The theoretical thermal noise
power or noise power per unit bandwidth is defined as,

Py =k To B. (10)
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In this equation, k is the Boltzmann constant, i.e. k =~
1.38 - 102 J/K, Tp is the environmental temperature
in Kelvin, i.e., 300K, and B which defines the noise-
equivalent bandwidth [18], [19]. This thermal noise power
equals —204 dB/Hz, which is the amount of noise power
in a bandwidth of 1Hz measured at the environmental
temperature [18]. By adding 30dB, the noise floor of the
sample can be found, i.e. —174dBm/Hz. To be more
accurate, this calculation needs adaptation. In general, higher
bandwidths are used in the conducted experiments, i.e.
10 MHz to 25 MHz; therefore, the theoretical noise power
will be higher. For a bandwidth of 20 MHz it can be found
as follows,

Py 20muz =k To B
= 1381072 J/K - 300K - 20 - 10°Hz
= —203.98dB/Hz + 10 - log;,(20 - 10° Hz)
= —130.82dB/20 MHz. (11)
Additionally, the Noise Figure (NF) of the hardware needs

to be taken into account, which can be found by taking the
noise factor, F' and expressing it in decibels:

NF 5 = 101log1o(F)

Si S
=101 — — —). 12
0g10( N; No) (12)
where ISVZI is the ratio of input signal power to input noise

power, and where ]STZ is the ratio of output signal power to
output noise power. The NF essentially is the amount of noise
a hardware system, i.e. mixers, amplifiers, filters, etc., adds to
an incoming signal. Although the NF is not explicitly defined
for the SDRs used in this study, as the SDR can span a wide
range of frequencies. It is found that the NF will be smaller
than 8 dB. For convenience, 8 dB is used in the calculation,

Nsystem = N20MHZ + NF
= —130.82dB + 8dB
= —122.82dB/20 MHz. (13)

This gains a theoretical noise floor of —122.82dB for the
current sample. When adding the dynamic range of the ADC
to this noise power, the sample value ranges from —122.82 dB
to —26.49 dB. Note that the PSD in MATLAB is calculated
on a windowed segment and not over 1 Hz. For the current
setting in this study, the length is 16 384, corresponding to
1220.7 Hz, at which the noise power is calculated, which will
gain,

Py 12078, =k -To - B
=1.38-10"2J/K - 300K - 1220.7 Hz
= —203.98 dB/Hz + 30.87 dB/Hz
= —173.11dB/1220.7 Hz. (14)
However, this value is not used as a minimum value because

the bandwidth was initially 20 MHz. When investigating the
minimum value measured of the sample displayed in Fig. 2,
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D. Joosens et al.: Toward Passive Sensing Large Crowds Through User-Generated EM Activity

IEEE Access

TABLE 2. Summary of the correlations and confidence intervals of each DCU per channel of each Wi-Fi and LTE data set to the DFS validation data set
after the STFT and background subtraction operation is applied.

DCU 2 DCU 3 DCU 4 DCU1 DCU 5
STFT DEFS - Wi-Fi DFS - Wi-Fi DEFS - Wi-Fi DFS - LTE DFS - LTE
CH1 CHI11 | CH1 CHI11 | CH1 CHI11 BAND1 BAND2 | BAND3 BAND4
Pearson’s r | 0.404  0.634 0.303  0.628 0513 0.627 0.594 0.935 0.839 0.944
95% Cluypper | 0436 0.657 0.338  0.651 0.541  0.650 0.619 0.940 0.850 0.948
95% Clipyer | 0.371 0.611 0.267  0.604 0.484  0.603 0.568 0.930 0.827 0.940
Kendall’s 7 | 0.411 0.448 0.311 0.500 0.357  0.463 0.406 0.625 0.569 0.618

TABLE 3. Summary of the correlations and confidence intervals of each DCU per channel of each Wi-Fi and LTE data set to the DFS validation data set

after the magnitude operation and background subtraction is applied.

DCU 2 DCU 3 DCU 4 DCU1 DCU 5
MAG. EXTR. | DFS - Wi-Fi DFS - Wi-Fi DFS - Wi-Fi DFS - LTE DFS - LTE
CH1 CH1 CH1 CHI11 | CH1 CHI11 BAND1 BAND2 | BAND3 BAND4
Pearson’s r 0.273  0.406 -0.013  0.362 0.227 0305 0.597 0.938 0.867 0.930
95% Clypper 0.308  0.438 0.023 0.395 0.264  0.340 0.622 0.943 0.876 0.935
95% Clipwer 0.236  0.373 -0.052  0.328 0.190  0.270 0.572 0.934 0.857 0.925
Kendall’s 7 0332 0.347 0.112 0.372 0.209  0.281 0.395 0.633 0.596 0.620

it is found that the current scale has an offset. Still, it does not
affect the comparison made between the two samples. It is
noted that the theoretical noise power is close to the measured
minimum. The difference between the measured values is
118.21 dB, which is an extensive range. It can be found that
the values below —130.82dB can be interpreted as noise.
As a final note, the SDRs used in this work are by default
not calibrated to a known power reference, which affects the
measured signal values. This means that these devices are not
precise RF field-probing devices. This also indicates that the
measured noise power of each device and even each channel
per SDR can vary. Therefore, the measured PSD values
within this work should be interpreted as relative indicators
rather than absolute power levels from the environment.

F. ELECTROMAGNETIC FIELD EXPOSURE STANDARDS
AND GUIDELINES

Within this study, a lot of data is collected, and it can be inter-
esting to investigate the potential effects of these radio waves
on crowds. Organisations such as the International Com-
mission of Non-Ionising Radiation Protection (ICNIRP) and
the Institute of Electrical and Electronics Engineers (IEEE)
define guidelines and set exposure limits to commonly used
frequency bands [20], [21]. The primary concern of these
organisations is the effect of thermal heating, i.e., tissue
heating and whole-body heating, caused by Electromagnetic
Fields (EMF). These organisations define a baseline to avoid
adverse health effects and maintain public safety. ICNIRP
has set whole-body reference levels, which are 50 Wm™2
for occupational public exposure while defining 10 W m—2
for general public exposure, for frequencies up to 10 GHz
which are averaged over 30 minutes, over the whole-body
space, which causes a body core temperature rise of 1°C.
In a recent study, ICNIRP identifies several gaps in the
literature, one of which is to clarify the relation between
whole-body exposure and core temperature rise from 100 kHz
to 300 GHz, as a function of exposure duration and combined
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EMF exposures [22]. Recently, a systematic review was
conducted by Ramirez-Vasquez et al., synthesising data from
86 studies published between 1998 and 2023 [23]. The overall
consensus is that the levels measured during these studies are
far below the conservative levels of ICNIRP. In another study
conducted by Vecsei et al., personal exposure measurements
were executed at a large outdoor festival where a high-end
measurement of 0.2 W m~2 was found [24]. Therefore, it is
safe to assume that the ambient RF signals that are monitored
passively in this experiment are not causing harm to the
crowd.

IIl. RESULTS AND DISCUSSION

A strong correlation is required between an EM data set and
the validation data set to link the crowd size in a specific
area to the EM activity. As mentioned in Section II-A for
validation, the results achieved by the DFS system are used.
The obtained mean attenuation of the festival’s first Friday,
Saturday and Sunday can be found at the top of Fig. 4.
This graph shows the measured mean attenuation on a scale
between -1.28 dB and 10.90dB. It is also noteworthy that in
Fig. 6 and in Fig. 8, the mean attenuation range of DCU 3
shows an entirely different scale compared to DCU 2 and
DCU 4. This occurs when a different data type is used,
which consequently alters the measured relative amplitude.
Nevertheless, this does not affect the absolute delta of the
results as stated in Section II. The correlations between the
DFS data set and the different EM data sets are statistically
significant (p < 0.05) except for the negative value in
Table 3. Table 2 depicts the correlations found when an STFT
process and background subtraction are applied as described
in Section II-B and Section II-C. Whereas Table 3 depicts
the correlations when magnitude extraction and background
subtraction are applied, which is described in Section II-C
and II-D. Remarkably, the correlations in general of the
LTE data sets are notably higher than those of the Wi-Fi
data sets. Furthermore, the LTE data sets show more subtle
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changes and, therefore, a relatively flat response. In contrast,
the Wi-Fi data sets fluctuate heavily during the day and
even more during the night; this may clarify the lower
correlations. The correlations are low, moderate to even high
for the Wi-Fi data sets, whereas the LTE data sets show
robust correlations. Additionally, the tables depict the 95%
confidence intervals for both techniques. It is found that
when the correlations are substantial, these values are close
to the Pearson correlation. The trends of day and night are
also more difficult to distinguish for the Wi-Fi data sets
compared to the LTE data sets. This can be seen even better
with the six markers indicating the opening and closing of
the festival per day as shown on Fig. 5, 6, 7 and 8. When
looking closely at the regions of these markers in Fig. 6 and
Fig. 8, it is shown that the fluctuations differ significantly
between signals on similar and different Wi-Fi channels in
the same time slot of a day. When looking deeper into
Fig. 5 and Fig. 7, these fluctuations are relatively small.
Furthermore, the activity also varies considerably per Wi-Fi
channel compared to a different DCU. Another significant
difference compared with the venue setup in the previous
work is that complimentary Wi-Fi was offered to the festival
attendees, which can adversely affect the measured activity.
This might indicate that the current Wi-Fi channels are not
heavily used. It is plausible that, besides the 2.4 GHz band,
the 5 GHz band was used more extensively to cope with the
amount of data traffic generated by the users. Furthermore,
investigating channel 1 and channel 11, only represents
48.8% of the total 2.4 GHz band. In general, the Kendall
coefficients are lower than the calculated Pearson values.
This indicates that severe opposite fluctuations are happening
in the data sets when ranked. Fluctuations in the LTE data
sets are in the range of 7dB to 12 dB. For the Wi-Fi data
sets, this difference is higher, ranging from 24 dB to 35 dB,
which implies that high fluctuations are more noticeable in
the Wi-Fi data sets and less represented in the LTE data
sets. This also contributes to the low correlations found
for the Wi-Fi data sets. The correlations of the magnitude
extraction method appear to deteriorate the Wi-Fi correlations
but slightly improve the LTE correlations. The latter method
reduces complexity and requires less computation time, and
therefore, it seems a plausible candidate for simplifying data
analysis.

On the other hand, a deep investigation of how these sys-
tems work can be beneficial in understanding the behaviour of
these technologies. Wi-Fi is a Wireless Local Area Network
(WLAN) technology, whereas LTE is a Wireless Wide Area
Network (WWAN). Unquestionably, both technologies are
affected by external factors outside of the area of interest.
However, this is an insurmountable consequence of wireless
technologies, as well as the way the measurement setup is
built. For the LTE data sets, only the LTE downlink energy
is examined, which gives good results; however, looking
into LTE uplink energy can provide a better local view of
what is happening in the wireless channel near the area of
interest.
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IV. CONCLUSION

In this work, two methods are investigated to link the number
of people in a crowded environment through the proxy of EM
activity while expanding the number of samples taken and
the technologies to use. The first method that was applied
is the STFT with background subtraction, which shows the
frequency changes over time. In contrast, the magnitude
extraction method applies an operation on raw I/Q data that
returns the magnitude of a phasor at a specific point in time.

In general, it is found that the STFT method does not
necessarily lead to better results when compared to the
magnitude extraction method for the Wi-Fi data set, but the
opposite is true for the LTE data set. The latter method has
a substantial adverse effect on the Wi-Fi data sets, whereas
for the LTE data set, it slightly improves the results. The
correlations between the DFS system and the energy found
in the LTE bands are significantly stronger than those in
the Wi-Fi bands. Subsequently, the correlations are better
in channel 11 compared to channel 1. This indicates that
channel 11 is used more often than channel 1.

These results and observations indicate more paths to
explore, whereas the presented methods are the starting point.
Expanding the measurement setup and the sampling bands
more strategically can be one of the options. Furthermore,
taking more samples per hour or working towards a real-time
measurement setup is another track to investigate. However,
both methods will require more storage capacity.

Furthermore, there is a need for a comprehensive study of
digital signal processing techniques that can be applied to the
EM data sets. These techniques could eventually gain better
results regarding correlations and, thereby, in people counts.
Currently, the average attenuation value of a full sample is
calculated. These values might include noise, which can be
perceived as effective EM energy. Applying specific filtering
techniques or data-slicing techniques can significantly reduce
or even eliminate these effects.
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