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Abstract

4G and 5G emissions of a mobile phone are quantified by
means of Amplitude Probability Distribution (APD) function
and Complementary Cumulative Distribution Function
(CCDF) capabilities of a real-time signal and spectrum
analyzer. The aim is to emphasize the differences during real-
life usage of either of the standards while running various
mobile applications, from the point of view of the user’s
electromagnetic exposure. Knowing the average power of a
signal within a given bandwidth and the probability that the
instantaneous power of the signal to exceed a certain
threshold contribute to expressing the dynamic range of the
signal, its peak-to-average power ratio, with consequences
on an increasingly refined dosimetric characterization.

1.

One of the interesting feaks of the last generations of
mobile communication’s signals is their time variability. This

Introduction

a phasedarray antenna with eight elements and different
types of skin models on Sim4Life platfornThe results
emphasizedhat fora person passing nearby tpbone, the
exposure levels wereeven slightly higher than those
experienced by the mobile phone user him$elf7] authors
provedthat the timeaveraged output levets the phonevere
significantly lower than the maximum available time
averaged output powermespectively below 43% of the
maximum value.

The study of the time variability of the radiated power
dynamics for 3G+/4G+mobile generationgnd for IEEE
802.11n communications standandere performed in[8]
and P]. By using the complementarymulative distribution
function (CCDF)the authorsproved that for 4G-emissions
the power densityn the near field of a mobile terminalas
the highest duringhe following application running(in
descendent orderfile upload,voice over IR video call, file
download, streaming and browsingmplitude probability
distribution (APD) function was used in [10n order to

one is important from the perspective of the characterizatiolémonstrate the differences in exposure due to five different

of the electromagnetic exposure of users. With the majorm

change of waveforms emitted in tfith generation- 5G
standard versus the earlfeurth generation 4G, it became

challenging to probe, in certain situations, the variableness Opvel.

the signals, its magnitude and its distribution.

Some authors have recently measured time variability of SG(Wi

pilot signals [1]. Here, we start from the idea tkadwing the
time variability of emissiongay beenergetically connected
with radiation fluence and to fluence ratieerefore tdiuman
exposure level

On the other handheére are several approacheswhich
different measurementare performedto characterize the
human exposureto 4G and 5Gemissions In [2] authors
reveaéd that 5G exposurgvasoverall verylow when they
extensively considered an urban locatipnanother work it
was revealed thathe peak doseof absorbed radiatiotis
always dominated by an individual’s mobile phone and, in the
case of norusers, by the bystanders’ mobile phones [3]. Adda

et. al.[4] proved that dynamic spectrum sharing (DSS) and
maximumpower extrapolation technigsecan be used to
estimate maximum exposure levels also for 5G sigBatee
now it is demonstrated thamartphone exposure dominates
over thebase stations [5it is deduced that the phone’s
emissions should be carefully characterized in multiple
situaions To assesshe exposure levels in different 5G
scenarios, for mobile applicationBonatoet. al.[6] desighed

obile applcations running in Long Term Evolutidh TE)
standard Authors concludedhat this method proves a high
agility in tracing the microsecond variability of emitted power
In [11] authors made measuremernts different
configurations of fourth and fiftgeneration wireless fidelity
-Fi) standards near of a mobile phombey used th&PD
capability of a realtime spectrum analyzer to highlight
different user exposure profiles.

Due to different timestructure and timelynamics of 4G and
5G mobile commnication stadards, an analysis is made
here,based on real emissions of a mobile phone in its vicinity,
with the objective of emphasizing the dissimilaritifsthe
electromagnetic exposure of the user. Due to differences in
the modulation and coding semes, in the pealo-average
power ratio(PAPR) in the resource allocation techniques,
and in the power control mechanisms, the statistic features of
the signals are characteristic. Moreover, they are specific to
each mobile application running. Therefdnere we assessed
the dynamics of the emitted field by means of statistic
instruments likeAPD, CCDF, channel power variance.

2. Experimental set-up and methodology

Here we have experimentally evaluated the time-amplitude
variation of the radiated power level and of the electric (E)
field strength nearby a mobile terminal connected
sequentially to one of the two networks: a) 4G LTE at a



central frequency f1=1.75 GHz and a bandwidth of 40 MHz;
b) 5G NR FR1 at a central frequency f1=3.58 GHz and a
bandwidth of 100 MHz. The following receiving instruments
were used (Fig.1): a receiving antenna Aaronia model
OmniLOG 30800 and a real-time signal & spectrum analyzer
model FSV3013 from R&S, with an analysis bandwidth of
40 MHz. The emission source was an Iphone 14 Pro phone.

Figure 1: Measurement set-up showing the receiving
omnidirectional antenna connected to the signal
analyzer and the Iphone 14 Pro phone

The receiving antenna was positioned at a distance d = 22 cm
from the phone’s front surface. Four mobile applications
were used as sources of field emissions, for both 4G and 5G
connections: file download, video streaming, file upload and
video call. For each mobile application, the measurements
were performed in five repetitions and we calculated the
median of the results. For both connections we used the
following settings of the signal analyzer: resolution
bandwidth (RBW) = 1 MHz, video bandwidth (VBW) = 10
MHz, sweep time = 1 ms, sweep count = 50, measurement
time = 2.5 s, analysis bandwidth = 40 MHz, number of
samples = 100.000, preamp = 15 dB. In 4G standard case we
used a 40 MHz span compared to 5G where we used a 120
MHz span.

Statistical analysis made use of APD and CCDF. The APD
function describes the probability distribution of the
amplitude of a signal. It shows how frequently a particular
amplitude occurs in the signal. APD is useful for determining
the signal strength, noise level, and other signal
characteristics. In general, a signal with a larger amplitude
will have a higher probability of occurrence in the signal than
a signal with a smaller amplitude. The CCDF is a measure of
the probability that the amplitude of a signal will exceed a
certain level. It is the complement of the cumulative
distribution function (CDF) and is often used to characterize
the behavior of signals that have non-Gaussian (non-normal)
distributions, such as those encountered in communication
systems. The CCDF is useful in determining the peak-to-
average power ratio (PAPR) of a signal. In general, a signal
with a high PAPR will have a steep CCDF curve, while a
signal with a low PAPR will have a flatter CCDF curve.
From the measured power levels we calculated E-field
strength afterwards based on the antenna factor (AF) of the

receiving antenna at the two central frequencies of emission,
following the formula:

—E_2578
AF_U_NE' @

where E is the electric field strength, U is the voltage
(calculated from the received power), A represents the
wavelength and G is the antenna gain at the respective
frequency.

3. Results and discussion

APD distributions show in both standards two humps (Fig. 2,
Fig. 3): the first one, at lower powers, correspond to
noise/interferences, while the second one, at power levels
higher tha -50 dBm correspond to interest mobile phone
signals. In the case of 4G, the sharpest and highest
distributions of power levels is found for the download and
upload applications (Fig. 2). Above all, upload has the
highest probability of apparition of the largest powers
emitted. For the 5G emissions (Fig.3), we notice that all four
applications conduct to similar probability of appearance
(0.002) of the highest powers emitted, compared to the 4G
network where there are obvious differences between the
applications - for example 10 times higher between the
upload/download applications and streaming respectively.
We also note that the highest probability of occurrence in the
case of the download application in both standards groups at
the power of -30 dBm, and for the other applications the
probability of occurrence groups around the power value of
-20 dBm. We can state that 5G signals have a lower
probability of occurrence at the same power levels if
compared against 4G signals, and for all applications a
similar probability of occurrence is kept, while for the 4G
signals a greater probability of occurrence is observed,
marked by clear differences between the used applications.

The CCDF function of 4G signals are shown in Fig. 4 and Fig. 5.
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Figure 2: Median of Amplitude Probability Distribution
function (APD) for 4G emissions corresponding to four
applications

Fig. 4 corresponds to 4G standard and we see the highest
probability that the signal strength exceeds the average value, for
video streaming and videocall applications. We also observe the
lowest probabilities in case of upload and download applications,
which are similar. In the case of 5G (Fig.5), we notice that



streaming and videocall applications have a similar probability of
exceeding the average, which is similar with the correspondent
application in 4G. Although in the 4G network for the upload and
download we observe a similar trend of power level variation, in
the 5G network the signals related to the two applications vary
differently, having a very different probability of occurrence. For
example, in the 4G network, the probability of exceeding the
average power value, for the upload application, appears at 6 dBm
while in the 5G network at 16 dBm power level.
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Figure 3: Median of Amplitude Probability Distribution
function (APD) for 5G emissions corresponding to four
applications
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Figure 4: Median of Complementary Cumulative

Distribution Function (CCDF) for 4G applications

For each application running, we took the Amplitude
Probability Distribution over 50 counts which lasted 2.5 s. In
this sense, we obtained average and peak values of the power
level, which was further transformed into E-field strengths,
S0 as to compare correctly the two emitting frequency bands.
In Fig. 6 we can observe the average values of E-field
strengths (rms) emitted for each application. Higher values
of E-field strengths are observed for the 4G cases compared
to the 5G cases. For 4G the mean field levels at 22 cm from
the phone vary between 0.6 — 1.83 V/m, while for 5G they
vary between 0.2 — 0.56 V/m.
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Figure 5: Median of Complementary Cumulative

Distribution Function (CCDF) for 4G applications
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Figure 6: Mean values of rms E-field strengths after 50
counts of the spectrum at 22 cm from the phone
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Figure 7: Peak values of rms E-field strengths after 50
counts of the spectrum at 22 cm from the phone

In Fig. 7, we represented the peak values of E-fields; they
vary between 1.2 - 4.6 VV/m for the 4G case and between 0.7



- 2.7 VIm for the 5G case. Again, peak field is greater in 4G
than in 5G for all applications. Also, both for mean- and for
peak-values, the variation of 4G signals is larger than that of
5G signals. Crest factor represents the PAPR and is indicated
in Fig. 8. We notice that for all the running applications, for
5G emissions, the crest factor values are higher compared to
those related to 4G emissions, for example for upload it is
more than double in 5G than in 4G. Similar to the previous
cases of mean and peak values, also in case of the crest factor,
we observe that 4G signals have a higher variation inter-
applications than 5G signals.
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Figure 8: Peak to average power ratio after 50 counts of the
spectrum

4. Conclusions

When comparing 4G and 5G mobile signals, the APD and
CCDF distributions provide insights into the time-amplitude
differences between the two signal types. In terms of APD,
4G signals seem to have a slight higher probability of
occurrence of higher amplitudes compared to 5G. This effect
is due to the lower real-time analysis bandwidth used for the
5G signal capture (analyzer’s capability limitation). We
would have expected that 5G signals, which typically use
higher carrier frequencies, wider bandwidths, and more
advanced modulation schemes, to contribute to a lower signal
strength. Regarding CCDF, with the same real-time analysis
bandwidth limitation, our results show that 4G signals have
a more significant reduction in the PAPR compared to 5G
signals. However, because 5G uses advanced techniques
such as beamforming, massive MIMO, and OFDM, CCDF
curves should have been steeper than for 4G. Opposite, flatter
CCDF curves indicate a more stable and predictable signal
that is less likely to cause interference with other devices or
degrade the overall system performance.

5G signals have a higher PAPR compared to 4G signals. This
is because 5G uses more advanced modulation schemes, such
as 256-QAM (Quadrature Amplitude Modulation), which
allow for higher data rates but also result in higher PAPR.
Additionally, 5G also utilizes larger bandwidths, which
further increases the PAPR. The impact of PAPR on mobile
applications depends on the specific application and its
requirements. Applications that require high data rates, such

as video streaming or large file transfers, benefit from the
higher PAPR of 5G signals, as it allows for higher data rates.

References

[1] G. Betta, D. Capriglione, G. Cerro, G. Miele, M. D.
Migliore and D. Suka, Experimental analysis of 5G pilot
signals' variability in urban scenarios, IEEE
International  Symposium on  Measurements &
Networking (M&N), Padua, Italy, pp. 1-6, 2022.

[2] L. Chiaraviglio et al., Massive measurements of 5G
exposure in a town: methodology and results, IEEE
Open Journal of the Communications Society, vol. 2, pp.
2029-2048, 2021.

[3] S. Kuehn, S. Pfeifer, N. Kuster, Total local dose in
hypothetical 5G Mobile Networks for varied topologies
and user scenarios, Applied Sciences, 10(17):5971, 2020.

[4] S. Addaet al., Assessment of population exposure to
electromagnetic fields due to systems that implement
dynamic spectrum sharing between 4G and 5G:
definition of methods and on-site measurements, IEEE
International Workshop on Metrology for Living
Environment (MetroLivEn), Cosenza, Italy, pp. 263-268,
2022.

[5] L. Chiaraviglio, C. Lodovisi, S. Bartoletti, A. Elzanaty
and M. Slim-Alouini, Dominance of smartphone
exposure in 5G mobile networks, IEEE Trans. Mob.
Comput. [in press], 2023.

[6] M. Bonato, L. Dossi, S. Gallucci, M. Benini, G, Tognola,
M. Parazzini, Assessment of human exposure levels due
to mobile phone antennas in 5G networks, Int. J.
Environ. Res. Public Health, vol. 19, 2022.

[7] P. Joshi, F. Ghasemifard, D. Colombi and C. Tdrnevik,
Actual output power levels of user equipment in 5G
commercial networks and implications on realistic RF
EMF exposure assessment, IEEE Access, vol. 8, pp.
204068-204075, 2020.

[8] A.Sarbu, A. Bechet, T. Balan, D. Robu, P. Bechet and S.
Miclaus, Using CCDF statistics for characterizing the
radiated power dynamics in the near field of a mobile
phone operating in 3G+ and 4G+ communication
standards, Measurement, vol. 134, pp. 874-887, 2019.

[9] A. C. Beehet, R. Helbet, S. Miclaus, |. Bouleanu, A.
Sarbu and P. Bechet, Comparative WLAN exposure
analysis: weighted channel power method versus CCDF
method, 2019 8th International Conference on Modern
Power Systems (MPS), pp. 1-4, Cluj-Napoca, Cluj,
Romania, 2019.

[10]S. Miclaus and P. Bechet, Non-stationary statistics with
Amplitude Probability Density Function for exposure
and energy density reporting near a mobile phone
running 4G applications, Electromagnetics Research,
vol. 89, pp. 151-159, 2020.

[11] A. Sarbu, S. Miclaus, A. Digulescu and P. Bechet,
Comparative Analysis of user exposure to the
electromagnetic radiation emitted by the fourth and fifth
generations of Wi-Fi communication devices, Int. J.
Environ. Res. Public Health, 17, 2020.



AES 2023, TORREMOLINOS - SPAIN, JUNE 5 - 8, 2023

Classification of IEEE 802.11ax Emissions by Using YOLOvV7 Real-Time Detection
Algorithm

A. M. Buda!, D.B. Deaconescu?, D. Vatamanu® and S. Miclaus>?”

!Doctoral School of Technical University of Cluj-Napoca, Romania
2 “Nicolae Balcescu” Land Forces Academy, Sibiu, Romania
“simo.miclaus@gmail.com

Abstract

Present work aimed at highlighting the possible use of
YOLOV7 deep learning algorithm in classification of IEEE
802.11ax emissions based on spectrograms recognition.
Here we used a very simple case, a unidirectional
communication between a WIFI 6 router and a mobile
phone, to transmit four types of different signals: video
streaming, upload, download and videocall. It resulted that
the algorithm is feasible for time-frequency imprint
recognitions and the approach can be further exploited in
more complex situations.

1. Introduction

The increased development of Deep Learning (DL) has
accelerated the progress of related methods and algorithms
used in the fields of image processing and computer vision
[1]. Nowadays, signals classification is an important task
which needs specific capabilities proper to certain
applications.

Before classification of the signal, we should decompose it
using some techniques like Fast Fourier Transform (FFT) or
other statistical methods intended to individual modulation
features.

In the last years, we have seen a rapid development of neural
network architectures, algorithms, and optimization
techniques commonly known as DL. The state-of-the-art DL
methods can be applied to the same problem of signal
classification and show excellent results while completely
avoiding the need of difficult handcrafted feature selection
[2]. One of the most important deep learning tasks that
currently has an increased number of requests is computer
vision. Object detection is a computer vision task that
involves identifying and locating objects in images or
videos. It is an important part of many applications, such as
surveillance, self-driving cars, or robotics [3].

The outcomes of the current paper will demonstrate the
capability of object detection models in real-time signal
recognition applications based on spectrogram images.
Object detection algorithms can be divided into two main
categories: single-shot detectors and two-stage detectors [4].
You Only Look Once (YOLO) is a popular object detection
model known for its speed and accuracy [5]. This model
works using an end-to-end neural network that makes

predictions of bounding boxes and class probabilities all at
once.

YOLO v7, the latest version (2022) [6] of YOLO, comes
with some improvements over the previous versions, the
most important one being the use of anchor boxes. Anchor
boxes represent a set of predefined boxes with different
aspect ratios that are used to detect objects with different
shapes. Nine anchor boxes are used, which allows it to
detect an increased number of object shapes and sizes
compared to previous versions, thus helping to decrease the
number of false positive detections [7].

The main purpose of this paper is to apply YOLOvV7 in
classification of IEEE 802.11 ax signals emitted by a WiFi6
router in case of four different mobile applications requested
by a mobile phone connected to the router. Practically, the
recorded images of spectrograms captured by a spectrum
analyzer are used for training and recognition with this deep
learning object detection algorithm.

2. Materials and methods

2.1. Signal detection

To obtain the spectrograms, we prepared an experimental
setup composed of the emitter - a ZTE WIFI 6 router, and a
receiving system based on the Aaronia 70600
omnidirectional receiving antenna connected to a Spectran
V5 real-time spectrum analyzer. A Samsung Galaxy S21
Ultra smartphone with WIFI 6 capabilities was connected to
the router for wireless applications requests. First, we
operated the network between the smartphone and the WIFI
6 router in the 5 GHz frequency range. The network was
deployed indoor, in a “quiet” Wi-Fi area with no other 5
GHz Wi-Fi network present. The position of the smartphone
and router was not changed during the measurements. The
emitted signal occupied a bandwidth of 100 MHz, centered
at 5.29 GHz and uses orthogonal frequency-division
multiplexing (OFDM) modulation.

Figure 1 indicates the experimental setup used for signal
detection and spectrogram analysis. Spectrograms of the
emitted signals were recorded using the RTSA Suite Pro
software. The settings of the analyzer were: center
frequency of 5291 MHz, 224 FFT bins, real-time bandwidth
of 88 MHz (max of the analyzer) and a frequency step of
100 KHz.
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Figure 1: The measurement setup

2.1. Signal classification

For signal classification stage, based on the recorded
spectrograms, we trained a YOLO v7 model using PyTorch
framework on an NVIDIA Tesla T4 GPU.

As a first step in the training process, we defined the classes
that the output model must “learn”. The classes have the
same names as the mobile application previously mentioned:
streaming, upload, download and videocall.

To train the spectrograms recognition model, a total number
of 2368 images were used as follows: 2168 for training
process and 200 images (50 for each class) for validation
process.

After the training, the resulting model was used to run a
number of inferences. These inferences define the new
images that our output model must identify. As a result,
Figure 2 shows an image example with a bounding boxes
which comprise the detected object and the identification
percentage.

3. Results and discussion

After the training and validation process, the achieved
results were statistically analyzed based on the four types of
mobile applications checked. As we can observe in Fig. 2,
the signal bandwidth is perfectly framed in the bounding
box. Also, in the upper left part of the spectrogram we can
notice a flag which indicates the type of mobile application
that the YOLO V7 model has identified and the recognition
percentage.

Fig. 3 shows the overall results by indicating the average +/-
standard deviations of the recognition percentages for each
of the four types of emissions. We used 20 inferences (5 for
each type of mobile application). The recognition
percentages are very high (> 97 %) for all four types of
emissions, while the standard deviation is null for download
and streaming.

Figure 2: The result of running inferences (image to

recognize) using YOLO v7 trained model
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Figure 2: Percentage of recognized spectrograms per each
WIFI 6 emitted signal

These results can be attributed to the fact that, from a visual
point of view, the WIFI 6 signal spectrograms for the
considered wireless applications are very different. So, the
neural network used by YOLO very easily identifies the
differences in these simple cases. Therefore, this incipient
tested situation designed to check the preliminary capability
of YOLOv7 for being used with spectrograms provides a
very good prognostic. However, the “quite” and controlled
electromagnetic environment is not a realistic case, so that
further development of the procedure will be destined for
more complex situations of emissions.

4. Conclusions

Nowadays, specific machine learning algorithms have
become used more and more, thus being applied for
different types of situations.

In this work, a different approach of using automatic object
recognition algorithms was presented, namely their use for
the automatic recognition of signals based on recorded
spectrograms of the signals. As a result, it was observed that
the YOLO V7 algorithm offers very good performances in
terms of spectrogram recognition, but considering how the
underlying neural network is built, it can be said that this
algorithm is limited by the visual characteristics and the
differences between images assigned to different classes.



(1]

(2]

(3]

[4]

(5]

(6]

[7]

References

A. | Khan, S. Al-Habsi, Machine Learning in Computer
Vision, Procedia Computer Science, Elsevier BV, Vol.
167, pp. 1444-1451, 2020.

J. Xu., Z. Lin, Modulation and Classification of Mixed
Signals Based on Deep Learning (Version 1), arXiv,
2020.

A. Vagollari, V. Schram, W. Wicke, M. Hirschbeck and
W. Gerstacker, "Joint Detection and Classification of
RF Signals Using Deep Learning," 2021 IEEE 93rd
Vehicular Technology Conference, Helsinki, Finland,
2021.

B. Vaidya, C. Paunwala, Deep Learning Architectures
for Object Detection and Classification. In Smart
Techniques for a Smarter Planet, Springer International
Publishing, pp. 53-79, 2019.

P. Jiang, D. Ergu, F. Liu, Y. Cai, B. Ma, “A Review of
Yolo Algorithm Developments”, Procedia Computer
Science, Volume 199, pp. 1066-1073, 2022.

C-Y. Wang, A. Bochkovskiy, H-Y. M. Liao,
“YOLOV7: Trainable bag-of-freebies sets new state-of-
the-art for real-time object detectors”, Computer Vision
and Pattern Recognition, July 2022.

L. Cao, X. Zheng, L. Fang, The Semantic Segmentation
of Standing Tree Images Based on the Yolo V7 Deep
Learning Algorithm, Electronics, Vol. 12, Issue 4, p.
929, 2023.



Material Characterization and
non-destructive testing



AES 2023, TORREMOLINOS - SPAIN, 5 - 8 JUNE 2023

Ultra-wideband graphene-based absorbers for THz integrated waveguide systems

N. Xenidis?, A. Przewloka®®, A. Krajewska?, P. Drozdz?, J. Oberhammer?, D. Lioubtchenko=*"

!KTH Royal Institute of Technology, Malvinas vag , Stockholm, SE-100 44, Sweden
2CENTERA Laboratories, Institute of High Pressure Physics PAS, ul. Sokotowska, Warsaw, 01-142, Poland
SInstitute of Optoelectronics, Military University of Technology, ul. gen. Sylwestra Kaliskiego 2, Warsaw, 00-098, Poland
“corresponding author: dml@kth.se

Abstract: Here we present novel graphene-based absorber materials and a simple method to measure its
properties by direct integration in terahertz waveguide systems. In contrast to existing absorbers, the ability to
embed such materials in a metallic waveguide allows them to be integrated into complete terahertz systems for
large-scale applications.

Historically, terahertz science and technology has been restricted to specialized applications such as radio
astronomy due to various technological challenges. Hollow rectangular waveguides are the primary transmission
line medium in many terahertz systems due to their mechanical stability, low electromagnetic losses, enclosed
nature, and compatibility with active circuit elements. Electromagnetic wave devices such as circulators, couplers
and power dividers require that one or more of their ports be terminated to eliminate unwanted signals and ensure
correct operation. Waveguide terminations are often realized by short-circuited waveguide sections that present
low reflection and absorb the incident energy due to the presence of an absorbing material inside the waveguide [1].
We proposed a new kind of ultra-wideband THz absorber which can be directly integrated into a standard metallic
waveguide (Fig.1la-c) [2,3], allowing it to be used in conventional THz systems.
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In order to analyze the electromagnetic properties of the absorbing materials in the frequency range from 67
GHz to 500 GHz, the absorbing material has to be embedded inside a waveguide. At the sub-millimeter
frequencies, these dimensions get too small to insert any absorber material; therefore, we use vacuum filtration to
directly deposit the absorber material inside a specialized waveguide cassette. This cassette can then be integrated
with a waveguide system for material characterization. The integration method developed here is easily scalable to
different frequency ranges and waveguide geometries and requires only standard laboratory equipment and
techniques, making it viable for high-volume production. In addition, by utilizing the same method with precision
silicon micromachined components [4], our approach could be used to develop compact, low-cost THz waveguide
absorbers of complex geometry.

The attenuation of the embedded samples across a wide band of frequencies is shown in Fig.1le. The measured
insertion loss between 67 GHz to 110 GHz is greater than 20 dB and exceeds 40 dB at frequencies above 400 GHz.
The reflection coefficient of the samples measured below 200 GHz is in excess of —10 dB, indicating that much of
the incident energy is reflected by the step change in impedance at the material’s interface at these frequencies. The
short electrical length of the samples at these frequencies (0.2A0 at 88.5 GHz) leads to a relatively low insertion
loss, despite the material’s high reflectivity. Above 200 GHz, the GAIN samples exhibit a reflection coefficient
below —10 dB.
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Abstract: Over-The-Air (OTA) measurements are becoming key to the realistic, accurate, and cost-efficient
characterization of the radiated performance of antennas, antenna systems, and wireless devices in general. In
this talk, we present a summary of our latest results and the main ideas behind the OTA characterization based
on different measurement philosophies. Fundamentally, the testing environments' electromagnetic design and
main characteristics are explained.

Mainly two types of testing environments have dominated the existing OTA measurement technologies, i.e.,
the anechoic chamber (AC) and the reverberation chambers (RC). For example, traditionally, AC-based
techniques have provided the high accuracy required in determining the gain and nulls of antennas and array
antenna systems in predominantly free space channels with no reflections from the testing environment. This
remains the focus for such applications as space and defense communications, sensing, and localization. On the
other hand, the rapid development of wireless cellular communications technology in the past few decades, and
lately with the Internet-of-Things applications, has increased the demands for fast yet accurate OTA techniques.
RC-based techniques offer considerably faster, cost-effective, yet highly accurate, measurements of
communication performance based on isotropic radiated power figures of merit as compared to ACs. RCs are the
antithesis of ACs because they rely on the generation of multiple reflections in the test environment. RCs are
highly suitable to characterize the diversity gain and multiplexing efficiency gain as well as the actual
throughput performance of multiple-input multiple-output (MIMO) wireless devices operating in rich multipath
(RIMP) environments [1].

Fig. 1 Illustration of various electric field amplitude distributions that may be achieved by exciting the elements of a
chamber antenna within the test zone of an OTA measurement chamber



5G and beyond wireless systems employ electrically large multiple-antenna systems for communications,
sensing, and localization applications either as stand-alone systems, but trends are going towards the
consolidation of their convergence into a single multi-capable system. Antennas are at the core of these systems
that need to operate under various propagation conditions with different degrees of spatial, temporal, and
polarization adaptivity. Hence, depending on the specific application advanced multiple antenna devices may be
required to perform under different requirements [1, 2]. The objective of over-the-air (OTA) characterization is,
in this context, to ensure that radiated performance of wireless devices, including the antennas, while complying
with disparate standardized requirements in order to deliver the promised quality of service.

AC- and RC-based OTA technologies provide excellent radiated characterization in two limiting
propagation environments, i.e., the free-space [3], and in the RIMP propagation channel, channels are more
complex in many practical situations. Indeed, the complex dynamic environments need to be reproduced in
laboratory conditions too (see Fig. 1). Automated, accurate, dependable, and time- and cost-efficient OTA
characterization techniques and technologies are in high demand. Hence, in order to meet the various demands of
communication, sensing, and localization performance imposed on multiple antenna systems a novel OTA
technique i.e., the hybrid anechoic-reverberation chamber, has been recently introduced that provides high
deployment flexibility [4, 5]. In this paper, we will present the main results on AC, RC, and HARC. We focus on
providing insights into the physical principles governing the emulation of different OTA measurement
environments and their application to multiple antenna performance evaluation.
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Abstract: As the complexity of materials increases, the ability to determine material parameters for samples of greater
complexity with non-destructive testing becomes of greater importance. Aligning these samples with the axes of the
measurement device for testing is not always easy or possible. This paper discusses a method using a second sample
with known axial orientation for calibration to calculate the Z-axis material parameters of a sample with no cross-

polarization terms without knowing its axial orientation.

When measuring the material parameters for a sample, it is required for the axis of the antenna to be aligned
with the axis of the sample so that the various parameters can be calculated separately. This can become more
difficult with increasingly complex metamaterial designs, especially when measuring the parameters along the
samples thickness. For metamaterials that do not possess cross-polarization terms, the induced cross-polarization
from misalignment can be used to remove the unknown angle of rotation from the measurements to calculate the
unrotated equivalent values. To do this, a second sample (S2) with a known axial rotation around the Z-axis is
used to isolate the focus beam system measurements relating to the test sample (S) rotated around the Z-axis at an

unknown angle (¢) and rotated around the Y-axis at a known angle (8) as depicted in Fig 1.

b

7 \
Fig. 1. Rotated Axis Around Z and Y Axis [1]

The S2 sample measurements are used to isolate the S parameters relating to the test sample using Equations 1 and
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The aligned cross-polarization S parameters for the sample can be written in terms of the S parameters for the



sample rotated around the Z and Y-axis as shown in Equation 3. Setting this equation to zero allows the angle
around the Z-axis (¢) to be calculated.

S35 % = cos(¢) sin(¢) (55‘1’5(!,5 - 52y1z¢5) + cos?(¢) 5§1J¢9/¢S — sin?(¢) 5312‘5 =0 3)

A similar relationship can be found for SYY(Equation 4) and S**(Equation 5). Plugging ¢ into these equations
solves for the material parameters corresponding to the sample being aligned with the measurement device.

Shy = sin?($) S3134 — sin(¢) cos(@) (53/139{5 + 5;13914;9) + cos?(¢) 53/135 4)
5315 ° = cos®(¢) Sflg(ps — sin(¢) cos(¢) (523/1;645 + S§1g¢s) + sin?(¢) Sévlqus %)

Iy, 1.1
With 3,2 S and S5, the material parameters of the sample can be solved for using the same method used

when the antenna is aligned with the axis of the sample [2]. To isolate the material parameters for the Z-axis of
the sample, the method outlined in [3] must be used with a Y-axis rotation of zero.
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Fig. 2. Calculated Permittivity [1]

Figure 2 shows the results for this method on the left and the results for when the sample is aligned with the
antenna on the right. These graphs show that this calibration technique, for an unaligned sample, produced similar
results when compared to an aligned sample. It can also be seen that the unaligned sample method produced a
more consistent value across frequencies when compared to the axially aligned method. These fluctuations in the
aligned sample can be caused by the sample not perfectly aligning with the antenna, causing interference from
cross-polarization. Without assuming axial alignment, these induced errors are removed from the results giving a
more consistent value for material parameters.
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Abstract: This work proposes an artificial intelligence (Al)-based platform for ultra-sensitive detection,
combining a wet chemistry-based optical sensor for signal collection and optical Al hardware for fast data
pre-processing. This technology does not employ costly instruments like spectrum analyzers. It achieves
real-time data readout through off-the-shelf conventional monochrome cameras.

Recent years have seen thriving studies and applications on biochemical sensing, ranging from fields such as
concentration quantification [1], dynamic biomarkers monitoring [2], and molecular identification [3]. The
research proposes various sensing models and metrics, ranging from spectrum peak shift, intensity variations,
and line widths [4]. While these approaches provide a straightforward pathway for the sensor design, they have
poor detection sensitivity at specific concentrations of analytes. The leading cause is that most standard analysis
models only extract the essential features based on prior knowledge, implying a strong influence of human bias.

Artificial Intelligence (Al) is one of the most promising techniques to address this issue by learning hidden
feature representations from large datasets [5]. By leveraging these features, a well-trained Al-sensing model can
significantly surpass traditional models and enhance the limits of detection concentration. Presently, a challenge
of these techniques is the need for expensive data collection instruments such as spectrum analyzers. This can
limit the generalization ability of the models, as it becomes more difficult and costly to gather sufficient data for
training the models. Furthermore, the limited availability of these instruments can restrict the scope and scale of
potential applications.
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(a) A fabricated reusable optical sensor. (b) Examples of the prediction results on the test dataset, with concentrations
ranging from 10-* mol/L to 10-%° mol/L. For a more intuitive visualization, the plotted confidence interval is magnified
by 30 times.



In this work, we implement a framework for large-scale real-time sensing, addressing data collection and
analysis issues that widely exist in Al-based sensing methods. This technology uses a wet chemistry-based
scalable manufacturing technique for a reusable optical sensor. As shown in Figure 1la, the fabricated sensor
comprises a microfluidic cell and gold plasmonic structures deposited to a silicon substrate. Our design ensures
minimal residual analytes after each measurement and enables multiple measurements using a single device.
Inspired by the wide implementations of dielectric metasurfaces [6,7], we sequentially designed and fabricated a
hardware optical Al component for pre-processing data. This component is mounted on a regular monochrome
camera and extracts in hardware the sparse feature from the spectra before imaging. The recorded image is seen
as the output of this Al model and used as the input of a consecutive regression network. The network trains on
79 glucose solution samples. It demonstrates precise prediction of the concentrations down 102° mol/L, the
lowest concentration level ever reported for this analyte. Figure 1b shows the model’s performance at each
concentration level. As an overview, the overall R? score on 30 test samples reaches 0.9965. This platform
exhibits high sensitivity, making it applicable for large-scale sensing applications in areas such as drug discovery
and development, industrial process monitoring, and personalized healthcare.
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