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Abstract: With the commercialization of fifth generation networks worldwide, research into sixth generation (6G)
networks has been launched to meet the demands for high data rates and low latency for future services. A wireless
propagation channel is the transmission medium to transfer information between the transmitter and the receiver.
Moreover, channel properties determine the ultimate performance limit of wireless communication systems. Thus,
conducting channel research is a prerequisite to designing 6G wireless communication systems. In this paper, we
first introduce several emerging technologies and applications for 6G, such as terahertz communication, industrial
Internet of Things, space-air-ground integrated network, and machine learning, and point out the developing trends
of 6G channel models. Then, we give a review of channel measurements and models for the technologies and
applications. Finally, the outlook for 6G channel measurements and models is discussed.
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1 Introduction

Commercialization of fifth generation (5G) net-
works is being carried out worldwide. Furthermore,
the third Generation Partnership Project (3GPP)
Release 16 is “5G phase 2” and will be frozen in
2020, which will meet International Mobile Telecom-
munications (IMT)–2020 submission requirements of
the International Telecommunication Union (ITU).
However, with the development of big data, the In-
ternet, cloud computing, smart city, and integration
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of multidimensional networks, the data traffic has
grown continually. ITU has already estimated the
traffic for the years 2020–2030 (ITU-R, 2015). It
is forecast that the number of global mobile sub-
scriptions could reach 13.8 billion in 2025 and 17.1
billion in 2030. Furthermore, the global mobile traf-
fic per month, including machine to machine (M2M)
traffic, is estimated to reach 607 exabytes (EB) in
2025 and 5016 EB in 2030, although it is only 62 EB
in 2020 (Fig. 1). This may be beyond the bearing
capacity of the 5G networks. From fourth genera-
tion (4G) to 5G, the peak data rate increases from
the order of megabit/s (Mb/s) to gigabit/s (Gb/s),
and the sixth generation (6G) is expected to achieve
terabit/s (Tb/s) data rate to meet the challenge of
continually increasing traffic (CMRI, 2019; Zhang P
et al., 2019).

With the commercialization of 5G networks
worldwide, some countries and organizations have
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started to research on 6G. In September 2017, the
European Union started projects to research tera-
hertz (THz) communication, visible light communi-
cation, and D band radio for beyond 5G (B5G). In
2018, the University of Oulu’s “6Genesis-6G-Enabled
Wireless Smart Society & Ecosystem” project was
chosen as one of the first two flagships in a na-
tional research program funded by the Finnish gov-
ernment. In July 2018, the ITU-T Focus Group
Technologies for Network 2030 (FG NET-2030) was
established, intended to study the capabilities of net-
works for the year 2030 and beyond. In December
2018, several communication companies in China,
including China Mobile Communications Corpora-
tion (CMCC), Huawei, and Oppo, started a project
called the “Vision and Need of B5G Systems.” In
March 2019, the Federal Communications Commis-
sion (FCC) opened up experimental spectrum li-
censes for 6G. In June 2019, it was announced that
Korea Telecom (KT) and Seoul National Univer-
sity would cooperate in developing and standardizing
technologies for 6G telecommunications. Moreover,
the Electronics and Telecommunications Research
Institute (ETRI) signed a memorandum of under-
standing with the University of Oulu in Finland to
develop 6G network technology. In November 2019,
the Ministry of Science and Technology announced
that China has established a national research and
development group for 6G.
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Fig. 1 Estimations of global mobile traffic in 2020–
2030 (M2M traffic included) (ITU-R, 2015)

The wireless propagation channel is the
medium, linking the transmitter (Tx) and the re-
ceiver (Rx), and channel properties determine the
ultimate performance limit of wireless communica-
tions (Molisch, 2012). Channel properties are usually
classified into large-scale fading and small-scale fad-
ing. Large-scale fading is a significant reduction in
signal strength on a large scale (typically, a few hun-
dred wavelengths), including path loss and shadow

fading. Path loss determines the coverage area of
a base station (BS) and is helpful for BS deploy-
ment (Richter et al., 2009). Small-scale fading is
the rapid fluctuation of signal strength on a small
scale that is comparable with a single wavelength, in-
cluding delay spread (DS) and angular spread. Fur-
thermore, small-scale fading is the fading of channel
in space-time-frequency multidimensional domains,
which greatly influences the air interface transmis-
sion techniques. For example, DS can be used to
design the cyclic prefix to deal with the inter-carrier
interference in orthogonal frequency division mul-
tiplexing (OFDM) systems (Liu XQ et al., 2017).
Accordingly, we can see that research on channel
properties is a prerequisite to designing 6G wire-
less communication systems. The 3GPP and ITU
groups have issued several channel model standards
for 5G, such as ITU M.2412 (WP5D I, 2017), 3GPP
Technical Report (TR) 38.900 (Meredith, 2016), and
3GPP TR 38.901 (3GPP, 2018). They are the foun-
dations for the performance evaluation of technolo-
gies and communication systems. New technologies
and applications, such as THz wave communication,
space-air-ground integrated network (SAGIN), and
machine learning (ML), have been proposed for 6G
(CMRI, 2019; Zhang P et al., 2019), and they have
challenging requirements for channel models. Ac-
cordingly, 6G channel models should support a wide
range of frequencies, up to THz bands, and various
scenarios. Details about requirements and develop-
ing trends of 6G channel models are discussed in
Section 2.

To date, some research organizations have con-
ducted channel measurements and proposed new
channel models for the above-mentioned technolo-
gies and applications. In Priebe et al. (2011), ultra-
broadband channel measurements at 300 gigahertz
(GHz) were presented, and path loss, delay, and
spatial characteristics were analyzed. Liu L et al.
(2018) investigated channel propagation character-
istics based on the field measurement data in an
automobile factory. In other works (Matolak and
Sun, 2017a, 2017b; Sun and Matolak, 2017), a series
of air-to-ground channel measurements for most of
the typical ground site-local environments were pre-
sented, and channel models based on measurements
were provided. In Zhang J (2016), a cluster-nuclei
based channel model was proposed based on ML.
More reviews can be found in Section 3.
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To the best of our knowledge, there has been
no review paper for 6G channel measurements and
models. This paper aims to provide a review of the
present 6G channel measurements and models and
present the outlook for future research. The main
contributions of this paper are listed as follows:

1. New technologies and applications for 6G
are introduced. Based on analysis of requirements of
these technologies and applications, the developing
trends of 6G channel models are presented.

2. A review of 6G channel measurements and
models is given in terms of different technologies or
applications for 6G. Specific channel characteristics
and modeling methods are discussed which should
be considered in channel modeling for 6G.

3. Combining the review of 6G channel mea-
surements and models with a discussion on the de-
veloping trends of 6G channel models, the outlook for
future research on channel measurements and mod-
els is discussed.

2 Developing trends of channel models
for 6G

The development of past cellular generations
has always been driven by new services and appli-
cations. For 5G applications, the systems need to
support high data rate (20 Gb/s peak data rate),
a large number of connected devices (1 million
devices/km2), and ultra-low latency (1 ms) (Series,
2015). Moreover, 5G systems aim to provide any-
where and anytime connectivity for anyone and any-
thing (Dahlman et al., 2014). Though this goal has
not been fully achieved until now, new applications
have been proposed which drive 6G systems toward
development. For example, holographic communi-
cations should provide new forms of interaction and
lead to a true immersion into a distant environment
(Strinati et al., 2019). High-precision manufacturing
needs 0.1–1 ms round trip time and high reliability
(Berardinelli et al., 2018). Three-dimensional (3D)
coverage needs an integrated network that terrestrial
equipment, airborne equipment, and satellites can all
access. To enable emerging applications and guaran-
tee their performance, new technologies for 6G are
needed. Technologies bring new trends of channels
and then cause challenges in channel modeling.

2.1 New technologies and applications for 6G

ITU has estimated the global mobile traffic for
the next 10 years (ITU-R, 2015). However, available
technologies that can meet the challenge of high vol-
umes of traffic have not been clearly defined by 3GPP
yet. Based on the projects launched and academic
publications, we can summarize several emerging
technologies and applications.

2.1.1 Terahertz wireless communication

Frequency is an extremely valuable and lim-
ited resource for wireless communication. Since the
low-frequency bands (below 6 GHz) are dramati-
cally crowded, looking for available spectrum in the
higher-frequency bands has started in the 5G era
(Zhang JH et al., 2017a). Several millimeter-wave
(mm-wave) bands (between 6 and 100 GHz) have
been granted for 5G due to the potential of wide
and continuous spectrums to support the 5G goal of
20 Gb/s peak data rate. According to the prediction
report by Cisco Visual Networking Index (VNI) in
February 2019, the global data traffic over the period
of 2017–2022 is growing at the speed of 46% per year,
driven by various new services such as virtual reality
(VR), augmented reality (AR), ultra-high-definition
(UHD) video, and holographic video (Cisco, 2019).
For instance, the transmission of an uncompressed
UHD video might reach 24 Gb/s, and the trans-
mission of an uncompressed 3D high-quality holo-
graphic video can increase up to nearly 100 Gb/s.
It can be foreseen that the data rate requirement
could reach 1 Tb/s in the next 10 years. It is still a
challenge to use spectrums in bands below 100 GHz
to support the Tb/s data rate. However, in THz
bands (between 0.1 and 10 THz), more available
spectrum sources can be used for communications.
In the World Radiocommunication Conference 2019
(WRC-19), the 275–296, 306–313, 318–333, and 356–
450 GHz bands were identified for unrestricted use in
fixed service and land mobile applications. From Ta-
ble 1, we can see that there are totally 137 GHz band-
widths available. This indicates that THz wireless

Table 1 Identified THz bands in WRC-19

Frequency range (GHz) Contiguous bandwidth (GHz)

275–296 21
306–313 7
318–333 15
356–450 94
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communication is a promising way to achieve Tb/s
transmission for 6G.

2.1.2 Industrial Internet of Things

Compared with 4G, the connection density in
the 5G era increases by 10 times. It is predictable
that the connection density will grow further in the
6G era. This provides more opportunities for build-
ing a new network named the Industrial Internet of
Things (IIoT). As shown in Fig. 2, it connects mas-
sive industrial devices and results in systems that
can monitor, collect, exchange, analyze, and deliver
the valuable new insights like never before. It col-
lects real-time data from the sensors and uploads
them to the cloud in a timely and rapid manner.
This demands an extra-high data rate and an extra-
low latency. Moreover, 6G can provide a data rate
of 1 Tb/s and a latency of 0.1 ms to support the
application of IIoT (Strinati et al., 2019). Further-
more, networks in 5G are individually smart, while
6G can have integrated smart networks (Zhang P
et al., 2019). This helps realize the smart factory
as a concept. To enable communication between
the massive IIoT devices and the present Long-Term
Evolution (LTE) network, 3GPP has established four
enhanced standards: LTE category 1, LTE category
0, LTE category M1, and LTE category M2 (which
is also named narrow-band IoT). They are driving
the growth of the number of cellular IoT connections
worldwide. It is expected that by 2024, there would
be 4.1 billion cellular IoT connections (Cerwall et al.,
2015).
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Fig. 2 The application scenarios of IIoT

2.1.3 Space-air-ground integrated network

In a traditional cellular network, communica-
tions usually happen between terrestrial equipments,
e.g., mobile phones, stations, and cars. The usage
scenarios for 5G can be classified as enhanced mo-
bile broadband (eMBB), ultra-reliable and low la-
tency communications (uRLLC), and massive ma-
chine type communications (mMTC) (Series, 2015).
As the development of science and technologies, more
and more devices need to access the communication
network to support new applications. Unmanned
aerial vehicles (UAVs) can transmit data, e.g., im-
ages, videos, and control commends, to a console
through the communication network. Furthermore,
human activity space is rapidly expanding. Not only
scientists but also the ordinary person would like to
explore the outer space. Thus, the need for com-
munication between satellites and the ground will
be more prevalent. However, the current wireless
communication network has a limited coverage. It
can provide services for only 70% of humans. Be-
sides, it covers only about 20% of the land area,
which is less than 6% of the Earth’s surface area. To
satisfy the need for communication in wider space,
6G may be a SAGIN that is an integration of satel-
lite systems, aerial networks, and terrestrial com-
munications (Fig. 3). SAGIN can provide perva-
sive coverage and bring significant benefits for var-
ious practical services and applications, but many
challenges, e.g., heterogeneity, self-organization, and
time-variability, should be overcome due to its spe-
cific characteristics (Liu JJ et al., 2018).

2.1.4 Machine learning

Motivated by big data and artificial intelligence,
there has been a recognition that increasing require-
ments brought by 5G need to be satisfied by an in-
telligent network. The extensive enhancement of the
capacity of communication networks and the increas-
ingly smart mobile devices have produced an erup-
tion of new applications which will be used for mobile
connectivity and the resultant exponential growth in
network traffic. A new ITU standard, ITU Y.3172,
has established a basis for the cost-effective integra-
tion of ML into 5G and future networks (ITU-T,
2019). ML, as one of the most powerful artificial
intelligence tools, has been dramatically developed
over the past few years. It has been widely applied
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in image/audio processing, finance and economics,
social behavior analysis, and project management
(Joo and Zhou, 2009). Recently, some attempts
have been made to apply ML to the area of wire-
less communication systems. In Li W et al. (2019), a

Fig. 3 Diagram of a SAGIN

three-layer structure of wireless channel fading was
proposed to classify the versatile propagation envi-
ronments. Based on this structure, some feasible
ways to combine ML with the wireless network are
summarized in Fig. 4. Jiang et al. (2016) also dis-
cussed the applications of ML in 5G. As the traffic
explosively grows in B5G, a huge amount of data is
created and needs to be processed in a timely man-
ner. Moreover, with the growth of the number of ac-
cess points and users, 6G deployments will be denser
and 6G air interfaces will be more complicated (Gior-
dani et al., 2019; Shafin et al., 2019). This results
in the significant increase in network complexity. In
this case, using ML in wireless communications be-
comes more necessary.

2.2 Challenges in channel modeling for 6G

With the emergence of new technologies and ap-
plications, there are three new trends of the radio
channel: higher frequencies, larger scale of antenna
arrays, and more diverse wireless communication sce-
narios. Fig. 5 explains the evolution from 5G to 6G
in terms of these three trends. These new properties
challenge traditional channel models.

2.2.1 Higher frequency and wider bandwidth

Millimeter-wave technology is one of the key
technologies of 5G because mm-wave bands have
continuous and wide spectrums (Rappaport et al.,
2017). In WRC-15, some mm-wave bands below

Network, marketing, government,
and advertising
(Li Y et al., 2012; Darak et al., 2017; 
Wang ZY and Shen, 2017; 
Chen XF et al., 2018) 

Recommended algorithms:
AdaBoost (Freund et al., 1999),
decision tree (Quinlan, 1986), 
GMM (Bishop, 2006),
Naive Bayes (Bishop, 2006), 
SVM (Cortes and Vapnik, 1995),  
and K-means (Alpaydin, 2006)

Radio resource management, e.g., 
resource allocation, handover, and 
access (Lin and Zhu, 2018; 
Wang Z et al., 2018)   

Recommended algorithms:
BP neural network (Dreyfus, 2012)
and Q learning (Watkins, 1989)

Radio transmission techniques, e.g., 
MIMO detection, channel decoding, and 
channel estimation
(Nachmani et al., 2017, 2018; 
Almeida et al., 2018)

 

Recommended algorithms:
Gaussian process (Rasmussen, 2003), 
HMM (Baum and Petrie, 1966), 
Kalman filtering (Kalman, 1960), 
particle filter (Moral, 1996), and RNN 
(Hochreiter and Schmidhuber, 1997)

Feasible ways to apply ML to wireless network

Scenario level Meter level Wavelength level

Fig. 4 Machine learning applications in 5G from the channel perspective
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100 GHz were considered as potential candidate
bands for 5G, such as 66–76 GHz bands with a band-
width of 10 GHz. In WRC-19, ITU added more
mm-wave bands, i.e., 24.25–27.5, 37–43.5, 45.5–47,
47.2–48.2, and 66–71 GHz. Furthermore, the channel
model standards issued by 3GPP and ITU support
the modeling of channels up to 100 GHz. Demands
for higher data rates drive people to use higher fre-
quency and wider bandwidth for 6G. As the fre-
quency increases, the wavelength becomes smaller
and the propagation characteristics may have obvi-
ous changes compared to the low frequency wave.
For example, radio waves in the THz bands suffer
from absorption or scattering by molecules and tiny
particles in the atmosphere, such as water vapour
and oxygen, because their sizes are close to the wave-
length of the THz wave. As Fig. 6 shows, the total
attenuation caused by air and water vapor is about
1.98× 105 dB/km at 558 GHz, while it is only about
0.01 dB/km at 6 GHz (ITU-R, 2013). Furthermore,
the reflection or diffraction by obstacles in the THz
bands shows certain unique behaviors compared with
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Fig. 5 The evolution trends of channel properties
from 5G to 6G
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that in the low-frequency bands due to the smaller
wavelength. The THz channel is more likely to be
sparse due to the weak diffraction ability. These
make current channel models unavailable. Moreover,
considering the high cost of building a wideband and
high-frequency channel sounder (CS), obtaining re-
liable and extensive channel information using a CS
from the higher-frequency and wider-band channels
is challenging.

2.2.2 Ultra-large-scale antenna arrays

Multiple-input-multiple-output (MIMO) tech-
nology has been widely used in wireless communi-
cation systems, and it has been demonstrated that
it can achieve greater performance enhancements
(Goldsmith et al., 2003). As the radio frequency
increases, it is possible to build larger-scale antenna
arrays because smaller spacing between adjacent an-
tennas can be achieved. Marzetta (2010) first pro-
posed to equip BSs with massive MIMO antenna
arrays to serve users, which can bring good per-
formance gain (Liu GY et al., 2016). Furthermore,
the system capacity can be improved using 3D an-
tenna arrays (Zhang J et al., 2014; Liu GY et al.,
2016). Based on channel measurements, 3D MIMO
technologies have been verified to achieve 33% gain
in channel capacity compared with 2D MIMO tech-
nologies in outdoor to indoor (O2I) scenarios (Zhang
JH et al., 2017b). As the number of antennas in-
creases, the 3D MIMO channel becomes dispersive
in the spatial domain, which leads to a remarkable
improvement of channel capacity (Zhang JH et al.,
2018). Thus, massive MIMO technology is another
key technology of 5G (Ali et al., 2017; Li JZ et al.,
2017). For 6G, as the frequency continues to in-
crease, ultra-large-scale antenna arrays can be used.
Though it seems to be promising, modeling the chan-
nel with ultra-large-scale antenna arrays becomes
challenging. Measurements using a virtual 40×40
planar antenna array have been previously presented
(Chen JJ et al., 2017). Measurement results show
that channel properties are non-stationary over the
array. For example, Fig. 7 shows that the Rice factor
(also called the K-factor) gradually changes across
the large-scale antenna array aperture. Thus, non-
stationarity across the antenna array should be con-
sidered in channel modeling. Furthermore, more an-
tennas give rise to narrower beams (Zhang JH et al.,
2018). Thus, more accurate channel parameters,
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e.g., angles of multipath components (MPCs), are
needed to make beams precisely point to users. From
the channel measurement point of view, it is chal-
lenging to use ultra-large-scale antenna arrays to
conduct channel measurements. On one hand, it is
hard to apply large-scale antenna arrays in the CS,
especially in the THz bands. On the other hand,
the measured data volume exponentially increases
with the increase of the scale of antenna arrays, and
more computing cost, e.g., in data preprocessing and
channel state information extraction, is needed.

2.2.3 Diverse application scenarios

As shown in Fig. 8, the usage scenarios for
5G fall into three categories: eMBB, uRLLC, and
mMTC (Series, 2015). These scenarios almost cover
wireless communication on the ground. However,
as wireless communication technologies develop and
demands for communication in larger-scale space in-
crease, a space-air-ground wireless communication
system is needed for 6G. Fig. 3 shows the diagram of
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a SAGIN. In this network, communication happens
between satellites, aircrafts, UAVs, ground stations,
things, and users. In this case, wireless communi-
cation channels become extra complex and diverse.
Moreover, obtaining the channel characteristics by
channel measurement operations in all scenarios is
probably impossible.

3 Current status of channel measure-
ments and models for 6G

In the foregoing text, we have discussed that
research on channels is crucial to the design of wire-
less communication systems. Furthermore, emerging
technologies and applications bring in new trends of
channels for 6G. Until now, a number of research or-
ganizations have conducted channel measurements
and proposed new channel models for 6G. Here, we
summarize the state of the art of 6G channel mea-
surements and models considering different 6G com-
munication technologies and applications.

3.1 Terahertz channel measurements and
models

As shown in Fig. 9, there is a trend toward us-
ing higher-frequency bands, THz bands, for 6G. The
THz bands are located between mm-wave and in-
frared waves. With the increase in the frequency,
radio wave propagation is influenced significantly by
the absorption and diffraction by the molecules in
the air (ITU-R, 2013). The THz wave might behave
uniquely compared with the lower band. Knowl-
edge of the THz channel is one of the most im-
portant issues to be addressed for the future THz
communication system.

Conducting channel measurements is a widely
used method for researching channel properties.
Most of the reported THz channel measurements
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are conducted by the THz time-domain spectroscopy
(TDS) and vector network analyzer (VNA). The
THz-TDS system, which works by converting the
ultra-short optical pulse to a THz radiation pulse,
was first developed for THz imaging applications in
Hu and Nuss (1995) and used to measure the electri-
cal and scattering parameters of a material. VNA,
which works in the frequency domain, is widely used
in radio channel measurements, especially for high
frequencies such as mm-wave bands, due to the easy
setup and the inherent synchronization between Tx
and Rx (Lei et al., 2015). However, limited by the
highest frequency of VNA, a pair of up/down fre-
quency converters cooperating with a four-port VNA
was used to conduct channel measurements on cer-
tain THz bands in Priebe et al. (2011). In addition,
a correlation-based CS was built using different fre-
quency extensions (Rey et al., 2017). This CS sup-
ports 2× 2 MIMO at 60 GHz and 300 GHz and has
a bandwidth of up to approximately 8 GHz.

The recent THz channel measurements can be
roughly categorized into two kinds. The first kind
focuses on the effect of the THz propagation mech-
anism on different materials or obstacles such as re-
flection and diffraction. In Piesiewicz et al. (2005),
the reflective properties were studied at different an-
gles from 75 to 300 GHz using THz-TDS. Three typ-
ical building materials, namely, window glass, plas-
ter, and pinewood, were considered. From the re-
sults, it was interpreted that the scattering losses
of the material surface can be neglected. The re-
flection properties of two kinds of stratified building
materials were measured by THz-TDS in the fre-
quency range from 100 to 500 GHz for a set of angles
(Jansen et al., 2008). The reflectivity of materials
with a rough surface was modeled using the Kirch-
hoff scattering theory, based on the measurement of
reflection from ingrain wallpaper and concrete plas-
ter from 0.1 to 1 THz using THz-TDS (Jansen et al.,
2011). In another study (Jacob et al., 2012), exten-
sive measurements of the diffraction from objects,
such as edges, wedges, and cylinders, were conducted
at 60 GHz and 300 GHz by VNA. The human body
and different materials, such as metal and wood,
were taken into account in the measurements. The
knife-edge model and the uniform geometrical theory
of diffraction were found to agree with the measure-
ment results well. Furthermore, using a validated
ray-tracing tool, it was found that the diffraction

at edges or wedges could be neglected almost every-
where in a room.

The second kind of THz channel measurements
is dedicated to the traditional channel parameters in
THz bands, such as path loss, delay, and even spa-
tial characteristics. Priebe et al. (2011) conducted
ultra-broadband channel measurement at 300 GHz
with a 10 GHz sweeping span using a VNA and
high-directive antennas for two indoor communica-
tion links, namely, a device-to-device link on a desk-
top and a link between a laptop and an access point
in the middle of an office. Furthermore, the channel
transfer function, path loss, and root-mean-square
(RMS) DS were analyzed. The close-in (CI) path
loss model was used to fit the measurement results
as

PL(d)[dB] = PL(d0) + 10nlg
(

d

d0

)
+Xσ, (1)

where d ≥ d0, d0 is the reference distance (usually
d0 = 1), PL(d0) is the path loss at the distance of
d0, d denotes the module distance, n is the path
loss exponent, and Xσ models the shadow fading.
The fitted path loss exponent is 2.17, which is a lit-
tle larger than that of the free-space model (Fig. 10).
RMS DS of the best direction alignment ranged from
16.5 to 127 ps. In Kim and Zajić (2015), measure-
ments and statistical characterization of 300-to-320
GHz desktop channels were presented. It was found
that the path loss exponent was around 1.9. In
Cheng CL et al. (2017), different path loss modeling
methods were investigated and compared based on
an extensive measurement at 30, 140, and 300 GHz.
Results showed that the multi-frequency model was
more stable than the single-frequency model. A 2×2
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virtual MIMO channel measurement carried out at
300 GHz with a 50 GHz sweeping frequency span
in a 4.5 m×3.6 m small indoor office scenario was
presented in Priebe et al. (2013). The measurement
resolutions of delay and angle were 0.2 ns and 2◦,
respectively. The measured RMS DS ranged from
2 to 3.7 ns, and the angular spread of departure
ranged from 18.3◦ to 37◦ in different Tx locations. In
Pometcu and D’Errico (2018), large-scale and clus-
ter characteristics were analyzed based on a VNA
measurement from 126 to 156 GHz in three typical
indoor environments (laboratory, conference room,
and office room). The path loss exponent was 1.45
in the laboratory, whereas it was about 1.9 in the
conference and office rooms. The median value of
cluster DS was below 10 ns in all three environments.
The channel transfer function was measured from
260 to 400 GHz in a short-range desktop environ-
ment for both line-of-sight (LoS) and reflected non-
line-of-sight (NLoS) conditions, and the capacity was
analyzed to show that Tb/s throughput was achiev-
able in the THz bands (Khalid and Akan, 2016).

Regarding the current research on THz channel
modeling, most studies adopt ray-tracing methods.
In Priebe et al. (2014), ray-tracing was used for the
simulation of THz radio wave propagation to analyze

the distance-dependent behavior of angular spread
and DS. In Priebe and Kuerner (2013), a stochastic
indoor channel model at 300 GHz was introduced,
the model parameters of which were derived from
the ray-tracing simulations in an office scenario. The
performance of the future multigigabit system was
investigated based on a ray-tracing THz indoor chan-
nel simulation taking LoS, as well as single and dou-
ble bounce reflection, into account (Piesiewicz et al.,
2008). In Table 2, a summary of these channel mea-
surements at the THz range is provided.

3.2 IIoT channel measurements and models

IIoT channel measurements were conducted
mainly in sub-6 GHz bands, e.g., 1.35 GHz (Hanssens
et al., 2018), 2.4 GHz (Miaoudakis et al., 2005), and
5.85 GHz (Luo et al., 2011). Recently, some mea-
surements were also made in mm-wave bands, e.g.,
54 and 70 GHz (Raimundo et al., 2018). The typical
measurement scenarios of IIoT include the factory,
warehouse (Hanssens et al., 2018), and industrial
robots (Holfeld et al., 2016). Compared with con-
ventional indoor scenarios, they have a larger size
and a higher ceiling (Fig. 11). Moreover, there are
many metal objects in the IIoT environment and

Table 2 Recent channel characterization studies at the THz range

Reference
Frequency

Equipment Scenario Channel characteristics
(GHz)

Piesiewicz et al. (2005) 75–100 THz-TDS Building materials: window Reflection
glass, plaster, and pine
wood

Jansen et al. (2008) 100–500 THz-TDS Stratified building materials Reflection
Jansen et al. (2011) 100–1000 THz-TDS Rough surface materials Reflection and scattering
Priebe et al. (2011) 300–310 VNA Desktop and indoor office Channel transfer function,

path loss, delay, and angle
Jacob et al. (2012) 275–325 VNA Metal and wood edges, Diffraction, ray-tracing for

wedges, and cylinders path loss, delay, and impact
of objects

Priebe et al. (2013) 275–325 VNA Indoor office Angular spread of arrival
and departure

Kim and Zajić (2015) 300–320 VNA Desktop Path loss, shadow fading,
and delay

Khalid and Akan (2016) 260–400 VNA Desktop Channel transfer function
and capacity

Cheng CL et al. (2017) 140, 300 VNA Indoor room Path loss
Pometcu and D’Errico (2018) 126–156 VNA Laboratory, conference room, Path loss, delay, angle,

and office room and cluster
Piesiewicz et al. (2008) 350 − Indoor office Ray-tracing and data rate
Priebe and Kuerner (2013) 275–325 − Indoor office Stochastic model and parameter

from ray-tracing data
Priebe et al. (2014) 300 − Indoor room 3-D ray-tracing, angle, and delay
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their smooth surfaces make the number of reflection
paths increase. The most obvious effect of the chan-
nel model is the increase of DS and the decrease of
path loss.

Fig. 11 Real industrial environment

In the case of highly reflective environments,
MPCs arrive more than 1000 ns after the first ar-
riving component. However, in a high-absorbent
environment, the maximum excess delay is around
30 ns, which is far smaller than that in the highly re-
flective environments (Ferrer-Coll et al., 2012). In a
manufacturing-like environment (Miaoudakis et al.,
2005), 50% of values exceed 83 ns for the average
delay and 72 ns for RMS DS. Furthermore, 73% of
the RMS DS values are between 60 and 90 ns. In
a chemical production factory, RMS DS ranges from
28 to 38 ns for the LoS case and from 34 to 51 ns
for the NLoS case. In a MAX-Lab, RMS DS ranges
from 34 to 45 ns for the NLoS case (Karedal et al.,
2007). In a machine room, RMS DS varies from 133
to 153 ns in the LoS case, and from 177 to 201 ns
in the NLoS case (CMCC and BUPT, 2018a). How-
ever, at the same frequency, RMS DS is only 20 ns
and 41 ns in the LoS and NLoS cases in the indoor
office, respectively.

In the meantime, the rich reflection paths slow
down the increase of path loss in the LoS case. The
exponent of path loss is 2 in the free-space, but
it is always lower than 2 in the factory environ-
ment. In the machine shop, the exponent varies
from 1.1 to 1.4 at 4.9 GHz (CMCC and BUPT,
2018b). In the industrial facility, the exponent is
1.6 at 2.4 GHz (Sexton et al., 2005). When the
multifrequency measurements are synthesized, the
exponent increases to 1.9, but it is still less than the
free-space value (Huawei and HiSilicon, 2018). As

for the NLoS case, the exponent ranges from 1.9 to
3.8, and it is often smaller than that in the indoor
scenario in 3GPP TR 38.901 (3GPP, 2018). Further-
more, the first arriving component is strong even in
NLoS situations when the distance between Tx and
Rx is small. Moreover, the path loss increases with
the increase of the frequency (Liu L et al., 2018).

The LoS probability is another important chan-
nel characteristic that changes in the IIoT scenario.
According to 3GPP TR 38.901 (3GPP, 2018), the
LoS probability is derived by assuming that the an-
tenna height is 3 m in indoor scenarios. However, in
the IIoT scenario, the height of the ceiling is always
higher than 10 m (5G-ACIA, 2018). In addition,
clutter density is introduced in the modeling of the
LoS probability. In the heavy industry scenario, the
larger equipment and the greater number of metallic
objects become the main sources of blockage. The
light industry layout consists mostly of open space,
where human bodies become the sources of block-
age and the average height is 1.5 m. As shown in
Fig. 12, the previous channel model is unable to de-
scribe the LoS probability. The LoS probability for
heavy industry decays more rapidly in contrast to
that for light industry, as the Tx-Rx distance in-
creases (Solomitckii et al., 2018).
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Apart from the conventional channel proper-
ties mentioned herein, two other properties, the
dual mobility and the absolute time of arrival, are
also important in the control channel of automatic
guided vehicles (AGVs) and movable robots in IIoT
scenarios. The new proposal (Ericsson, 2019b)
recommended applying the dual mobility model in
3GPP TR 37.885 (3GPP, 2019). The Doppler shift
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for the LoS path can be written as

νn,m =
r̂T
rx,n,mν̄rx + r̂T

tx,n,mν̄tx

λ0
. (2)

The Doppler shift for delayed paths can be writ-
ten as

νn,m =
r̂T
rx,n,mν̄rx + r̂T

tx,n,mν̄tx + 2αn,mDn,m

λ0
, (3)

where Dn,m is a random variable with a uniform
distribution from −νscatt to νscatt, νscatt is the max-
imum speed of the vehicle in the layout, and αn,m

(0 ≤ αn,m ≤ 1) is a random variable with a uniform
distribution. Evaluation using other distributions
for αn,m is not precluded. The terms ν̄rx and ν̄tx are
presented respectively by the following equations:

ν̄rx = νrx

⎡
⎣ sinθν,rxcosφν,rx

sinθν,rxsinφν,rx

cosθν,rx

⎤
⎦, (4)

ν̄tx = νtx

⎡
⎣ sinθν,txcosφν,tx

sinθν,txsinφν,tx

cosθν,tx

⎤
⎦. (5)

The remaining parameters were defined in
3GPP TR 38.901 (3GPP, 2018). Regarding the ab-
solute time of arrival, two candidate models were
suggested in 3GPP (Ericsson, 2019a). These two

models are consistent in the LoS case, and the abso-
lute time is calculated from the propagation distance
of the direct path:

τ̄LoS =
d

c
, (6)

where d is the distance between transmitter and re-
ceiver, and c is the velocity of light.

In the NLoS case, however, there are two avail-
able candidate models:

τ̄NLoS =
d

c
+Δτ. (7)

In the first model, the additional part Δτ is
stochastically generated according to some distribu-
tions (Ericsson, 2019a). The second model is defined
according to the distributions of the angle of depar-
ture (AoD) and the angle of arrival (AoA) and uses
the single-bounce propagation path. However, in
the real propagation environment, both single- and
multiple-bounce propagation paths exist. Thus, the
second model may have conflicts with the real envi-
ronment. A summary of the above channel measure-
ments is shown in Table 3.

3.3 SAGIN channel measurements and
models

A large number of channel measurements have
been conducted for the SAGIN. All of them focus

Table 3 Important channel measurement studies for IIoT

Reference
Frequency

Scenario Channel characteristics
(GHz)

Rappaport and McGillem (1987) 1.1–1.5 Multistory facility and RMS DS and attenuation
single-story facility

Miaoudakis et al. (2005) 2.4 Manufacturing factory Attenuation, average delay, RMS DS,
and coherence bandwidth

Karedal et al. (2007) 3.1–10.6 Incinerator hall and Power delay profile (PDP), RMS DS,
MAX-Lab and multipath number

Tanghe et al. (2008) 0.9, 2.4, 5.2 Wood processing Path loss, shadow fading,
factory and metal and K-factor
processing factory

Luo et al. (2011) 2.4, 5.8 Industrial testbed Path loss and RMS DS
Ferrer-Coll et al. (2012) 0.433, 1.88, 2.45 High reflective factory PDP and path loss

and paper warehouse
Ai et al. (2015) 0.9, 1.6, 2.45 Assembly, electronics, Path loss, shadow fading, and

and mechanical rooms channel capacity
Holfeld et al. (2016) 5.85 Industrial robots PDP, path loss, and shadow fading
Solomitckii et al. (2018) 28, 60 Light industry and Path loss and LoS probability

heavy industry
Raimundo et al. (2018) 54, 70 Factory, computer foyer, Angular spread, RMS DS,

office, and corridor cross-polarization, and path loss
Hanssens et al. (2018) 1.35 Warehouse MPCs and cross-polarization
Liu L et al. (2018) 1.1, 1.6, 3.5, 5.8 Automobile factory Path loss, K-factor, and RMS DS
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on either one network segment, e.g., space, air, and
ground, or integration of two of the three network
segments. Research on characteristics of land-mobile
satellite channels was carried out early in about the
1970s. A series of propagation measurements were
conducted in European areas with satellite elevation
look angles ranging from 13◦ to 43◦ at 1.54 GHz (L-
band) (Lutz et al., 1991). Furthermore, based on an
extensive statistical evaluation, an analog channel
model was developed, which is largely characterized
by the time-share of shadowing and the K-factor. In
an early study (Hess, 1980), excess path loss mea-
surements for land-mobile satellite channels at the
ultra-high-frequency (UHF) band of 800 MHz were
presented. Measurement results showed that excess
path loss on the order of 25 dB is typical in urban
situations, while it decreases to under 10 dB in sub-
urban or rural areas.

Apart from the path loss, shadow fading has im-
portant effects on the received signals. Single trees
were found to attenuate between 10 and 20 dB, with
an average median attenuation of 12 dB (Vogel and
Goldhirsh, 1986; Goldhirsh and Vogel, 1987). Fur-
thermore, analysis of the results demonstrated that
tree shadowing is the deciding factor to dictate fade
margin for land-mobile satellite systems, as com-
pared to fades caused by multipath (Vogel and Gold-
hirsh, 1988). In Vogel and Goldhirsh (1993), static
tree attenuation measurements at 20 GHz (K-band)
on a 30◦ slant path through a mature Pecan tree
with and without leaves showed that median fades
exceed about 23 dB and 7 dB, respectively. This
indicates that as the frequency increases, the atten-
uation caused by foliage also increases and becomes
significant at the K-band.

On the basis of measurement results, some sta-
tistical channel models were proposed (Lutz et al.,
1991; Loo, 1996; Xie and Fang, 2000; Li WZ et al.,
2001). Generally, the channel model can be ex-
pressed as the sum of a log-normally distributed ran-
dom phasor and a Rayleigh phasor:

r = zejφ0 + wejφ, (8)

where r is the received signal, zejφ0 represents the
LoS component, wejφ represents other multipaths,
the phases φ0 and φ are uniformly distributed be-
tween 0 and 2π, z is log-normally distributed, and
w has a Rayleigh distribution. Details about this
model can be found in Lutz et al. (1991). In Li WZ

et al. (2001), a statistical channel model taking into
account weather impairments was proposed. In this
case, the probability density function (PDF) of the
signal amplitude is

pT (r) = pβ(r)pw(r), (9)

where pβ(r) and pw(r) are the PDFs of the mobile
fading and weather impairments, respectively. Based
on experimental measurements conducted in a tropi-
cal area, a tropical weather-aware land-mobile satel-
lite channel model was proposed in Al-Saegh et al.
(2017). This model supports diverse atmospheric
phenomena, such as rain, clouds, and tropospheric
scintillation. Apart from the environment type and
the elevation of the satellite, the azimuth angle rel-
ative to the driving direction of the mobile terminal
was found to affect the channel statistics in Rieche
et al. (2015). Furthermore, a statistical land mo-
bile satellite channel model for arbitrary elevation
and azimuth angles was proposed via an image-based
state estimation method.

The forementioned channel measurements for
land-mobile satellites were all conducted using a sin-
gle antenna at both the transmitter side and the
receiver side. Recently, channel measurements us-
ing multiple antennas were carried out to inves-
tigate the applicability of multiple-antenna tech-
niques in satellite communication systems. In Arndt
et al. (2011), a measurement campaign was con-
ducted along the east coast of the United States.
Four antennas were used at the receiver side to
record the power levels. It was found that selec-
tion combining would require at least four anten-
nas to achieve the same performance as that of two-
antenna maximal-ratio combining. Furthermore, the
corresponding antenna diversity gain of each antenna
configuration is independent of the environment.
In Lacoste et al. (2010), experimental propagation
results derived from multiple-input-single-output
(MISO) and single-input-multiple-output (SIMO)
land-mobile satellite measurements were presented.
Analysis indicates that spatial diversity at the re-
ceiver side can significantly reduce the fading mar-
gin. In Lacoste et al. (2012), MIMO configurations
were used in channel measurements. Furthermore,
dual-circular polarization antennas were used to re-
ceive the signals. Through analysis of channel ca-
pacity statistics, it was found in Fig. 13 that the
MIMO approach brings a significant capacity gain as
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compared to single-input-single-output (SISO) sys-
tems, but for low outage probabilities (less than
15%), they have similar performances. In Niko-
laidis et al. (2016), dual-polarized MIMO channel
measurements were presented, which were conducted
in a land mobile satellite pedestrian scenario. The
extracted results showed that the ergodic capacity
of the dual-polarized MIMO channel is 4.3 and 4.1
bits/(s·Hz) for LoS and NLoS propagation condi-
tions, respectively. More reviews of channel mea-
surements for land-mobile satellite communication
systems can be found in Petropoulou et al. (2014).

For air-to-ground communications, a number
of channel measurement campaigns have been car-
ried out to understand the channel characteristics,
such as path loss, shadowing, DS, and Doppler
spread (Khawaja et al., 2019). In Matolak and Sun
(2017a, 2017b) and Sun and Matolak (2017), a se-
ries of channel measurements for most of the typ-
ical ground site-local environments, e.g., over wa-
ter, hilly/mountainous, suburban, and near-urban,
were presented. Based on the measurement re-
sults, the path loss is described by a log-distance
model with small corrections for flight direction. The
log-distance model is given by

PL(d) = A0 + 10nlog(d/dmin) +X + ζFA, (10)

where dmin ≤ d ≤ dmax, A0 is a constant at the min-
imum valid link distance of dmin, dmax is the max-
imum valid link distance, n is the path loss expo-
nent, ζ = −1 indicates that the aerial vehicle travels

toward the ground station and ζ = +1 is its oppo-
site, FA is the small adjustment factor for the di-
rection of travel, and X is a zero-mean Gaussian
random variable with the standard derivation σX .
This log-distance model is similar to the CI path loss
model (Samimi et al., 2015) for terrestrial propaga-
tion channels but considers the flight direction effect,
which is helpful for aerial applications. More path
loss estimates using log-distance models can be found
in Feng et al. (2006), Simunek et al. (2011), Yanmaz
et al. (2011), Al-Hourani et al. (2014), and Ono et al.
(2015).

Delay dispersion is also an important chan-
nel property for air-to-ground communication sys-
tems, which can incur inter-symbol interference. In
Khawaja et al. (2016), the mean excess delay and
RMS DS results for open and sub-urban areas were
presented based on experimental measurements. In
Matolak and Sun (2017a), it was found that DS in the
over-water channels is dominated by the LoS path
and the reflected path from the water surface. Thus,
the extracted DSs are typically small, about 10 ns. In
a hilly terrain suburban environment, major values
of DSs are within the range of 10–20 ns, but a larger
value of nearly 1000 ns also occasionally occurs (Sun
and Matolak, 2017). Due to the motion of scatterers
and transceivers, multipaths are received with dif-
ferent Doppler frequencies, which produces spectral
broadening. In Willink et al. (2015), the Doppler
effects were analyzed based on air-to-ground channel
measurements at 915 MHz. The maximum Doppler
shift of 100 MHz occurs when the UAV is moving di-
rectly away from the land station. However, Doppler
spread results extracted from air-to-ground channel
measurements are scarce. Simulations are often used
to find the Doppler shift (Haas, 2002; Tu and Shi-
mamoto, 2009). In air-to-ground communications,
there is a higher likelihood of LoS propagation. In
the case where a LoS component exists, small-scale
fading follows a Rice distribution. In Matolak and
Sun (2014, 2017b), Matolak (2015), and Sun and Ma-
tolak (2017), the K-factor was measured from urban,
suburban, hilly and mountainous settings, and water
and sea scenarios. The mean value of the K-factor
varies in different scenarios and bands. For example,
the mean values of the K-factor for urban areas were
12 dB and 27.4 dB for the L-band and C-band, re-
spectively (Matolak and Sun, 2017b). Furthermore,
it was found that the K-factor is proportional to the
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elevation angle (Newhall et al., 2003) and is a func-
tion of the link distance (Tu and Shimamoto, 2009).
In terms of the angle dispersion, though some air-to-
ground channel measurements have been conducted
with MIMO antenna configurations (Newhall et al.,
2003; Zhang C and Hui, 2011; Gao et al., 2013; Will-
ink et al., 2015), analysis of angle dispersion is scarce.
In Wentz and Stojanovic (2015) and Cheng X and
Li (2019), MIMO radio channel models for air-to-
ground communication systems were proposed, but
they are deterministic models, rather than stochastic
models based on channel measurements.

A number of channel measurements for
terrestrial communication systems have been car-
ried out (Matolak et al., 2005; Luan et al., 2013;
Martínez et al., 2014; Chen XB et al., 2016; Zhang JH
et al., 2017b, 2018; Tang et al., 2018; Wang CX et al.,
2018). In Goddemeier and Wietfeld (2015), air-to-
air channel characteristics were investigated by ex-
tending the Rice channel model. However, channel
measurements for air-to-air communication systems

are still scarce. Specifically, for space-to-space com-
munication systems (Huang C et al., 2016), accord-
ing to our knowledge, there is no dedicated channel
measurement yet. A summary of the above channel
measurements for SAGIN is given in Table 4.

3.4 Machine learning in channel modeling

Channel models can be categorized as the de-
terministic model, geometry-based stochastic model
(GBSM), and non-geometric stochastic model. The
deterministic channel model, similar to the ray-
tracing based model, characterizes the propaga-
tion parameters in a computable deterministic man-
ner. The ray-tracing approach models the radio
channel according to the electromagnetic field the-
ory and the theoretic propagation principles based
on the electromagnetic and geometry information
of the reconstructed environment. In GBSM, the
scatterers in the environment are abstracted as
randomly distributed clusters, and each cluster is
composed of several paths. GBSM takes advantage

Table 4 Important channel measurement studies for the space-air-ground integrated network

Reference Category
Frequency Antenna

Channel characteristics
(GHz) configuration

Hess (1980) Space-to-ground 0.86, 1.55 SISO Path loss
Goldhirsh and Vogel (1987) Space-to-ground 0.87 SISO Tree shadowing
Vogel and Goldhirsh (1988) Space-to-ground 1.5, 0.87 SISO Tree shadowing
Lacoste et al. (2010) Space-to-ground 2.2 SIMO and MISO Fade levels
Arndt et al. (2011) Space-to-ground 2.19 SIMO Capacity
Lacoste et al. (2012) Space-to-ground 2.2, 3.8 SIMO and MIMO Fade levels, K-factor, capacity,

and cross-polarization
discrimination

Nikolaidis et al. (2016) Space-to-ground 2 MIMO Fade levels, shadowing,
coherence distance, capacity,
and power spectrum

Al-Saegh et al. (2017) Space-to-ground 12, 14, 16 SISO Fade levels, shadowing,
and K-factor

Newhall et al. (2003) Air-to-ground 2.05 SIMO Path loss, DS, excess delay,
and K-factor

Ono et al. (2015) Air-to-ground 2.3 SISO Path loss
Willink et al. (2015) Air-to-ground 0.92 MIMO Path loss, DS, Doppler shift,

and spatial correlation
Matolak and Sun (2017a) Air-to-ground 0.97, 5 SISO Path loss, K-factor, DS,

and spatial correlation
Khawaja et al. (2016) Air-to-ground 4.3 SISO Path loss, shadowing,

excess delay, and DS
Luan et al. (2013) Ground-to-ground 2.4 SISO Path loss, shadowing,

and K-factor
Martínez et al. (2014) Ground-to-ground 5.8 Massive MIMO Path power, correlation

property, eigenvalue,
and condition number

Chen XB et al. (2016) Ground-to-ground 28 SISO Human-body shadowing
Goddemeier and Wietfeld (2015) Air-to-air 2.4 SISO Fade levels and K-factor
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of environment-specific and stochastic modeling. In
contrast, the non-geometric stochastic model de-
scribes and determines physical parameters in a com-
pletely stochastic way by prescribing the underlying
probability distribution functions without assuming
an underlying geometry.

These channel models are often optimized for
mathematically simplified models (linear, stationary,
and Gaussian distribution). However, differences be-
tween these models and the real channel exist due to
the imperfect assumption conditions. ML does not
require a rigidly defined model for representation and
could be optimized in an end-to-end manner for a
real system with harsh realistic effects (O’Shea and
Hoydis, 2017). Moreover, with the wide frequency
range, huge bandwidth, large number of antennas,
and versatile scenarios brought in by B5G, the vol-
ume of channel measurement data will be quite large.
Processing of measurement data is usually a time-
consuming process and requires great computational
power (Zhang J, 2016). Thus, it is reasonable to
develop channel models by taking advantage of data
mining and ML algorithms.

Recently, a variety of attempts have been made
to apply big data analytics such as ML to wireless
channel modeling. Considering the significance of
parameters in channel modeling, some researchers
focus on predicting channel parameters using ML
methods which enhance the prediction accuracy and
reduce the complexity. In Li W et al. (2019), a back
propagation (BP) neural network was used to model
the large-scale fading. In addition, an Elman neural
network was used to predict the channel impulse re-
sponse (CIR). Yang et al. (2019) proposed prediction
methods for path loss and DS in air-to-ground mm-
wave channels based on ML. In Dai et al. (2018),
ML algorithms were used to predict received sig-
nal strengths at the user side. The numerical re-
sults showed that the support vector machine (SVM)
outperforms other classifiers in terms of prediction
accuracy. In Huang HJ et al. (2018), a deep neural
network (DNN) was employed to conduct offline and
online learning to achieve super-resolution AoA esti-
mation and channel estimation in the massive MIMO
system. In Navabi et al. (2018), neural networks were
also applied to predict channel features that are not
directly observable in BS, such as AoD of the domi-
nant propagation paths in the user channels. In Lu
et al. (2018), a convolutional neural network (CNN)

was applied to predict channel characteristics for 3D
mm-wave massive MIMO indoor channels. With the
location information of the transmitter and the re-
ceiver, which is input in CNN, the channel statistical
characteristics of the sub-channels in a specified in-
door scenario can be predicted.

GBSM is a clustered structure model, where
MPCs are grouped into clusters. Moreover, the clus-
ter statistics are characterized for parameters such as
the number of MPCs, positions of scatterers, delay,
and angular spreads. Thus, a clustering algorithm
can improve the model precision. In Li YP et al.
(2018), the Gaussian mixture model (GMM) was in-
troduced to implement channel multipath cluster-
ing, and the similarity of MPCs could be revealed.
Then, the variational Bayesian (VB) algorithm was
used to optimize the GMM parameters to enhance
the searching ability and further to determine the
optimal number of Gaussian distributions without
resorting to cross-validation.

Zhang J (2016) proposed a cluster-nuclei-based
channel model based on big data theories, which
takes advantage of both the stochastic model and
the deterministic model. Cluster-nuclei are de-
fined as clusters with a certain shape, which dom-
inate the generation in various scenarios and have a
relationship with scatterers in the propagation envi-
ronment. First, computer vision and image process-
ing are introduced to identify the texture from the
picture of measurement scenarios and reconstruct
the 3D wireless propagation environment. Mean-
while, the channel parameters are extracted from
the measurement data by channel parameter estima-
tion algorithms. Then, MPCs are clustered with the
clustering algorithms, such as K-means and GMM.
Next, the key step is to research the mapping rela-
tionship between scatterers from the propagation en-
vironment and the clusters obtained from the chan-
nel measurements, so as to obtain the mechanism of
the cluster-nuclei (Fig. 14). Finally, with the limited
number of cluster-nuclei, CIR can be produced using
ML methods. In Ma et al. (2017), a channel mod-
eling method was proposed based on the principal
component analysis (PCA) method, which has bet-
ter accuracy than the standardized GBSM. The hid-
den features and structures extracted from the mea-
sured channel data are used to reconstruct CIR. In Li
HH et al. (2017), a tomographic channel model was
proposed, in which GMM is applied to acquire the
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Fig. 14 Mechanism of cluster-nuclei

distribution of the wireless channel parameters, and
CNN is applied to automatically distinguish between
the different wireless channels.

The purpose of using ML algorithms in wire-
less channel modeling is that many problems can
resort to classification, clustering, and regression al-
gorithms. By learning and training the big data sets
in channel measurements, the channel models can be-
come more intelligent to achieve better performance
and adapt to various scenarios. In Table 5, we sum-
marize the aforementioned applications and studies
on ML algorithms in wireless channel modeling.

4 Future outlook for 6G channel mea-
surements and models

Until now, much effort has been given to char-
acterize the channel for 6G. However, there are some
open issues before completing 6G channel measure-
ments and modeling. In the following, we discuss the
outlook for 6G channel measurements and models in
terms of the above-mentioned four aspects.

4.1 THz channel measurements and models

THz channel characterization, as a fundamen-
tal issue, is quite essential, and several challenging
issues need to be addressed in the future. First, a
reliable THz channel sounding technique is the guar-
antee to obtain first-hand accurate channel data.
As mentioned in the previous section, none of the
present channel sounding systems meet the full re-
quirements of all the channel properties. Apart from
studying new sounding techniques, the reliability
and calibration of the presently available sounding
systems also need to be investigated. Second, exten-
sive THz channel measurement campaigns are en-
couraged for investigating not only the propagation
mechanism but also the basic channel parameters,
such as path loss, delay, and angle in various sce-
narios. Specifically, knowledge of the spatial charac-
teristics of the THz channel is relatively deficient in
current research. Third, with the large-scale order of
frequency, bandwidth, and MIMO in the THz band,
the non-stationary THz channel characteristics can-
not be neglected. For example, when the bandwidth
becomes extremely wide compared with the center
frequency, the channel will be non-stationary over
the whole bandwidth. Moreover, other potential ef-
fects on the THz band, such as molecular absorption
and blockage, need to be considered. Finally, a com-
plete, accurate, and flexible THz channel model is
the most essential issue. The ray-tracing method is
the most studied one for the THz channel in the lit-
erature. However, both deterministic and stochastic
channel modeling methods have their pros and cons.
It is still an open issue to choose either method or

Table 5 Applications of machine learning in wireless channel modeling

Reference Task Algorithm Application(s)

Dai et al. (2018) Parameter prediction SVM Prediction of strength of the received signal
Huang HJ et al. (2018) Parameter prediction DNN AoA estimation and channel estimation
Navabi et al. (2018) Parameter prediction CNN AoD prediction
Lu et al. (2018) Parameter prediction CNN Prediction of channel characteristics
Yang et al. (2019) Parameter prediction Random forest and KNN Path loss and DS prediction
Li YP et al. (2018) Clustering VB-GMM Channel multipath clustering
Zhang J (2016) Modeling ANN Production of the CIR with a limited

number of cluster-nuclei
Ma et al. (2017) Modeling PCA Reconstruction of CIR by extraction of

channel features
Li HH et al. (2017) Modeling GMM and CNN Extraction of channel features and identi-

fication of different wireless channels

SVM: support vector machine; DNN: deep neural network; CNN: convolutional neural network; KNN: k nearest neighbor;
VB-GMM: variational Bayesian Gaussian mixture model; ANN: artificial neural network; PCA: principal component analysis
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look for a new mixed method for the THz channel
model.

4.2 IIoT channel measurements and models

Although some special properties, such as dual
mobility and absolute time of arrival, have been
added in the present wireless channel model, basi-
cally, it is still not enough. The correlation prop-
erty of the wireless channels just inherits the indoor
office parameters. Besides, the blockage model in
the IIoT scenario still adopts the blockage model B
in the standard (3GPP, 2018). However, for fac-
tories with massive connections, the sensor devices
are quite similar, and they are usually embedded in
larger devices. Their correlation property and the
blockage model may be further studied. There are
many noise sources in the factory, such as motors,
heavy machinery, inverters, voltage regulators, weld-
ing equipment, and electric switch contacts. There-
fore, modeling interference and noise is another con-
siderable problem when designing a robust wireless
network in industrial applications.

4.3 SAGIN channel measurements and
models

Currently, a number of channel measurements
have been conducted to research the channel char-
acteristics for terrestrial, space-to-ground, and air-
to-ground communication systems. Some statisti-
cal channel models and deterministic channel mod-
els have been proposed to describe the channels.
However, more channel measurements for air-to-air,
space-to-space, and space-to-air communication sys-
tems are needed to deeply understand the chan-
nel properties. Moreover, a unified channel model
is needed to design the space-air-ground communi-
cation systems, rather than several channel mod-
els for different scenarios. Furthermore, some key
technologies in 5G, e.g., massive MIMO and mm-
wave, may be considered in SAGIN. These technolo-
gies can help improve the capacity of the integrated
network. Correspondingly, channel measurements
should be conducted to evaluate the performance of
these technologies in SAGIN.

4.4 Machine learning in channel modeling

Considering that the channel measurement data
of 5G already appear in big volumes because of

the increased number of antennas, huge bandwidth,
and versatile application scenarios, stochastic chan-
nel models such as GBSM lack physical meaning,
and deterministic channel models such as the ray-
tracing methods are highly complex and rely on the
precision of the geographic information. The fu-
ture intelligent channel modeling methodology for
B5G and 6G should take advantage of both stochas-
tic and deterministic models, aiming to predict and
model the channel more precisely and efficiently.
Thus, supporting future wireless research, especially
on the massive MIMO, mm-wave, and versatile sce-
narios, is important for the development of future
communication.

Based on ML methods, the intelligent chan-
nel model can learn channel characteristics and hid-
den rules from the channel database. Hence, chan-
nel fading will be predicted automatically. Fig. 15
shows a specific wireless propagation environment,
and Fig. 16 shows the channel fading prediction
by intelligent channel modeling based on big data
and ML. According to the mapping relation be-
tween the environment and cluster-nuclei, cluster-
nuclei can be extracted from the map information.
Correspondingly, the radio propagation can be repro-
duced. For the proposed ML-based channel model-
ing methodology, some open issues still need to be re-
searched in the future work. First, a trusted channel
database is needed. Although different universities

Fig. 15 Wireless propagation environment

TX

RX

Power

Fig. 16 Channel fading predicted by intelligent chan-
nel modeling
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and companies have their data collected by their
platforms, such data are labeled with different fre-
quencies, bandwidths, antenna configurations, and
scenarios. Such data forms need to be evaluated,
and the data need to be merged into the database.
Second, methods for mapping clusters with scatter-
ers and describing the physical meaning of cluster-
nuclei are needed. Third, many ML algorithms have
been proposed, but which one is more effective in
generating the channel model from cluster-nuclei is
not clear. Generally, more effort is required to over-
come the challenges and achieve intelligent channel
modeling.

5 Conclusions

This paper introduces several promising tech-
nologies and applications for 6G, including THz com-
munication, IIoT, SAGIN, and ML. Based on the
analysis of these technologies and applications, 6G
channel models are expected to support higher fre-
quency and larger bandwidth, ultra-large-scale an-
tenna arrays, and diverse application scenarios. Fur-
thermore, this paper provides a review of channel
measurements and models in terms of these technolo-
gies and applications. Specific channel properties
and modeling methods are discussed. For example,
in terms of the THz channel, the dependency of chan-
nel parameters on the frequency needs to be consid-
ered in models due to the large range of frequencies.
IIoT communication scenarios are rich-scattering be-
cause there are many metal objects, which makes
channel models for traditional cell communications
unable to correctly describe the channel properties,
e.g., RMS DS and the LoS probability. The differ-
ence in the communication distance is large between
the space-to-ground channel and air-to-ground chan-
nel. Thus, space-to-ground channel models think
more of large-scale fading caused by the atmosphere.
ML can help extract the hidden features and struc-
tures in modeling channels by taking advantage of
both stochastic models and deterministic models.
Finally, the outlook for channel measurements and
models for 6G is discussed. As yet, research on chan-
nel measurements and modeling is in its infancy, and
further efforts are needed to support the design of
6G communication systems.
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