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Abstract

Advances in wireless communications, such as the 5th-generation mobile communication system
(5G), have enabled a wide variety of devices to be connected to wireless networks. In 6G, all physical
entities will be connected to wireless networks, and their physical-space information, such as position
and velocity, will be available for new mobile services. NTT’s Innovative Optical and Wireless Network
(IOWN) will accelerate to obtain the physical-space information from various sensors. Therefore,
mobile traffic is growing rapidly toward 6G. The use of the millimeter-wave (mmWave) bands is
promising to increase the capacity of mobile networks. However, the mmWave link quality (LQ) is
strongly affected by surrounding objects. To stably use mmWave bands, an effective solution is to predict
future LQ and adaptively control wireless communication. This article introduces 5G throughput-
prediction technology that is based on deep neural networks using physical-space information and an
automated 5G measurement environment using humanoid robots for deep-learning evaluations.
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1. Background and overview

Advanced wireless communication systems enable
a wide variety of devices connect to wireless net-
works. The 5th-generation mobile communication
system (5G) contributes to creating a wide range of
innovative applications, such as virtual and augment-
ed reality (VR/AR), as well as services in diverse
industries that require high speed, low latency, and
high reliability [1]. In 6G, all elements, including
people, things, and systems, will be connected to
wireless networks, and an advanced cyber-physical
fusion system (CPS) is expected to feedback optimal
results to the real world through artificial intelligence
(AD) [2]. A CPS is a system concept in which Al cre-
ates a replica of the real world in cyberspace (digital
twin) and emulates it beyond the constraints of the
real world. This concept will provide various values
and solutions to social problems. NTT’s Innovative
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Optical and Wireless Network (IOWN) [3] will
accelerate the CPS concept by collecting physical-
space information from all devices and generating
big data; thus, mobile traffic is growing rapidly
toward 6G. The compound annual growth rate of
mobile data usage worldwide is reported to 60% [4].

In order to accommodate the explosion in mobile
traffic, the use of higher frequencies such as millime-
ter-wave (mmWave) is key for future wireless com-
munication systems [5]. However, the mmWave
bands are characterized by strong direct wave radio
propagation, and the mmWave link quality (LQ) is
strongly affected by surrounding objects. To ensure
stable use of the mmWave bands, we introduce wire-
less LQ-prediction technology that focuses on the
relationship between physical-space information and
wireless-link information. NTT Network Innovation
Laboratories is researching using physical-space
information to promote the evolution to wireless
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Fig. 1. The physical-space information of a UE holder, blocking pedestrian, as well as LQ are acquired via wireless links or
sensors and/or cameras. An LQ-prediction model is constructed using these acquired data.

communication systems toward IOWN/6G [6].

2. Physical-space information and
wireless communications

Information obtained from cameras/sensors will be
usable as physical-space information such as the
position, velocity, and status information of wireless
devices. Since wireless signals propagate through
physical space, wireless LQ is greatly affected by
physical space. Therefore, there is a solid relationship
between the wireless LQ and physical-space informa-
tion. NTT Network Innovation Laboratories has
focused on the relationship between the wireless LQ
and the physical-space information, and developed
the wireless LQ-prediction technology [7].

Figure 1 illustrates a wireless LQ-prediction sys-
tem that predicts future wireless LQ using physical-
space information. An environment where pedestri-
ans walk around within the wireless coverage area of
a 5G base station is assumed with this system. There
are two types of pedestrians, a user equipment (UE)
holder and a pedestrian for blocking. The UE holder
moves while accessing applications, such as VR/AR,
through a 5G base station. The pedestrian also moves
around the UE holder. This system gathers the states
of the UE holder and pedestrian and wireless LQ as
training data. The states as physical-space informa-
tion, which are the position, direction, and velocity of
all the objects such as the UE holder and pedestrian,
the throughput of the UE holder as LQ information
are obtained from reports via wireless links or cam-
eras/sensors in the communication areas. An LQ-
prediction model is trained to output future wireless
LQ using the obtained training data based on a
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machine-learning algorithm.

3. 5G throughput-prediction model using
physical-space information and
experiment environment

LQ prediction based on deep neural networks
(DNNs) for mmWave bands is being studied. Physi-
cal-space information, such as UE position, camera
images, and point-cloud data, have been shown to
strongly correlate with mmWave LQ. The received
signal-strength-indicator prediction for 60 GHz using
depth images from RGB-D cameras in an indoor
environment where two pedestrians move between an
access point and fixed UE has been investigated [8].
However, a more complicated and practical scene
where both the UE and surrounding objects move has
not been considered. We constructed and evaluated a
DNN-based throughput-prediction model for a
28-GHz 5G channel in a two-pedestrian scenario [9].

We considered a pedestrian scenario in which two
people are walking around in an indoor room; one has
a UE and communicates via a 5G 28-GHz channel.
Figure 2 shows the indoor-experiment map and the
different endpoint goals of the two pedestrians. For
this scenario, autonomous robots were built to gener-
ate training data for the DNN-prediction model.
Humanoid Robots-A and B were used as substitu-
tions for the UE holder and pedestrian, respectively.
Each consisted of a humanoid mannequin mounted
on a mobility robot. Robot-A, which held the UE in a
backpack, is shown in Fig. 3. Robot-B for blocking is
shown in Fig. 4. Robots-A and B were 1.67 and 1.70
m tall, respectively. These robots were controlled by
a robot operating system (ROS) [10]. The robots’
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Fig. 2. The locations of UE and 5G base station are shown on a map of the indoor experimental environment. The running
courses of Robots-A and B are the red and green lines, respectively. Each robot flips at the end of the line.

Fig. 3. Robot-A with a UE communicates through the 5G
base station.

position, velocity, and direction were obtained from
the ROS as physical-space information. The robots
were equipped with LiDAR (light detection and rang-
ing) and the point clouds of laser-signal reflection
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Fig. 4. Robot-B for blocking runs between Robot-A and the
5G base station.

points were used to calculate the location and direc-
tion. The maximum robot speed was 1.0 m/s. The
running routes of Robot-A with the UE and Robot-B
are the red and green lines, respectively, in this figure.
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Fig. 5. The average of measured throughput versus the y-coordinates of Robot-A. The error bar represents the standard

deviation of the prediction error.

Robot-B ran between Robot-A and the base station,
resulting in a decrease in throughput due to blocking.

The Iperf [11] software tool was used, and the UE
transmitted packets via the User Datagram Protocol
to the multi-access edge computing server. Therefore,
the measured throughput values were not affected by
background Internet traffic. The antenna height of the
base station was 2.65 m.

The input features of the time series for the past one
second on the DNN were @r, the past throughput; O,
state of Robot-A; @, states of Robots-A and B; and
@ ,4pr, states of Robots-A and B and past throughput.
To benchmark our 5G throughput-prediction model
using physical-space information, a conventional
prediction model that uses past throughput was pre-
pared. A DNN has three hidden layers: a long short-
term memory layer and two fully connected layers
spaced with 10% dropout. The activation function for
the hidden layers is the rectified linear unit. The DNN
is trained to minimize the loss function of the mean
squared error. The optimization algorithm is Adam
with a learning rate of 0.0005. The output value of our
prediction model is one-second-ahead throughput.

The throughput and states of Robots-A and B were
measured every 100 ms. The resulting dataset con-
tained 1,493,750 samples corresponding to about 41
hours spread over 11 days. These values were nor-
malized to yield a distribution from 0 to 1 or —1 to 1.
We used 20% sampling data as test data. The remain-
ing 80% was used as training data (90%), and as a
validation data (10%). Since we focus on LQ predic-
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tion for detecting the performance drops due to
blocking, the upper limit of the measured throughput
was set to 200 Mbit/s. Therefore, our prediction
model predicts the future throughput with a ceiling of
200 Mbit/s.

Figure 5 plots the average and standard deviation
of measured throughput versus the y-coordinate of
Robot-A. Fluctuations in throughput were observed.
When the y-coordinates of Robot-A were around —2.5
and 4.5 m, the throughput fell. These correspond to
the endpoint goals of Robot-A shown in Fig. 2, where
non-line-of-sight (LOS) occurred due to the rotation
of Robot-A.

4. Evaluation in an indoor experiment

We conducted a qualitative evaluation of our 5G
throughput-prediction model and the measured and
predicted values, as plotted in Fig. 6. There were two
main factors affecting throughput degradation in our
scenario. The first was LOS blockage by Robot-B
moving between Robot-A and the base station at
around 26 and 58 seconds, as shown in Fig. 6. The
observed throughput dropped to about 100 Mbit/s
due to the blocking effect of the human body in our
environment. This occurred at various locations
along Robot-A’s route, and blocking time changed
due to the speed and relative directions of Robots-A
and B. The second factor was self-blocking by Robot-
A, which made a 180 degree turn at each endpoint
goal at around 9 and 37 seconds, as shown in Fig. 6.
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Fig. 6.

Time sequential plots of one-second-ahead throughput-prediction values for each input feature and measured values.
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Fig. 7. CDF of the absolute error between the predicted values for each input feature and measured values.

The self-blocking by Robot-A had greater impact on
throughput than the LOS blockage by Robot-B as the
throughput rapidly dropped below 50 Mbit/s. This is
because Robot-A as the obstacle (self-blocking) was
closer to the UE than Robot-B, and the 180-degree
turn took longer to complete than the blockage by
Robot-B.

Figure 7 shows the cumulative distribution func-
tion (CDF) of the absolute error between the pre-
dicted values and observed values. The effectiveness
of physical-space information became more promi-
nent as the CDF value fell. The 50th-percentile abso-
lute error value improved by 57.5% using @37,
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compared with using ®r, which takes past throughput
as the input feature. This result indicates the correla-
tion between the physical-space information and
throughput. Additionally, the 70th-percentile abso-
lute error value was less than 20 Mbit/s for all input
features, indicating that the absolute errors were
concentrated within 20 Mbit/s and correlations were
observed between all input features and throughput.
Similarly, at the 50th-percentile absolute error value,
compared with @4, an improvement of 35% was
attained by adding the state of Robot-B. This con-
firms the effectiveness of the states of surrounding
objects, such as Robot-B, in throughput prediction.
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Figure 7 shows that large prediction errors exceed-
ing 50 Mbit/s occurred. This is because the current
input features of past throughput and physical-space
information cannot explain the 5G network-driven
throughput changes such as link interruption and
reconnection. For future work, we plan to consider
such throughput changes by adding the 5G network
information.

5. Conclusion

This article presented a throughput-prediction tech-
nology for 5G services over a 28-GHz channel that
uses physical-space information for a two-pedestrian
scenario in which both a UE holder and a pedestrian
move continuously. To evaluate our throughput-pre-
diction model and collect the learning data required
for training the DNN, we developed an actual indoor
experimental setup where 5G throughput and physi-
cal-space information are automatically measured
using autonomous humanoid robots. The through-
puts, including the sharp drops due to self-blocking
by UE rotation and the blocking by an object moving
in front of the UE, were captured. We showed that our
model was effective in using surrounding object
information as well as UE information for predicting
5G throughput one second ahead. Our model with
physical-space information improved prediction
accuracy by 57.5% at the 50th-percentile absolute
error value compared with a prediction model that
uses only the past throughput as the input feature. We
will continue this research to develop core technolo-
gies toward 6G/IOWN.

NTT Technical Review Vol. 23 No. 3 Mar. 2025

References

[1] M. A. Lema, A. Laya, T. Mahmoodi, M. Cuevas, J. Sachs, J.
Markendahl, and M. Dohler, “Business Case and Technology
Analysis for 5G Low Latency Applications,” IEEE Access, Vol. 5, pp.
5917-5935, Apr. 2017. https://doi.org/10.1109/ACCESS.2017.
2685687

[2] IOWN, https://www.rd.ntt/e/iown/

[3] NTT DOCOMO, “DOCOMO 6G White Paper,” https://www.
docomo.ne.jp/english/corporate/technology/whitepaper 6g/

[4] T. Cogalan and H. Haas, “Why Would 5G Need Optical Wireless
Communications?”, Proc. of the 28th IEEE Annual International
Symposium on Personal, Indoor, and Mobile Radio Communications
(PIMRC 2017), pp. 1-6, Montreal, Canada, Oct. 2017. https://doi.
org/10.1109/PIMRC.2017.8292749

[5] I. A. Hemadeh, K. Satyanarayana, M. El-Hajjar, and L. Hanzo,
“Millimeter-Wave Communications: Physical Channel Models,
Design Considerations, Antenna Constructions, and Link-Budget,”
IEEE Commun. Surveys Tuts., Vol. 20, No. 2, pp. 870-913, 2nd
quarter 2018.

[6] J. Mashino, Y. Fujino, and R. Kudo, “R&D Activities of Core
Wireless Technologies toward 6G Radio Access,” NTT Technical
Review, Vol. 20, No.7, pp. 30-36, July 2022. https://doi.org/10.53829/
ntr202207fa4

[71 H.Nagata, R. Kudo, K. Takahashi, T. Ogawa, and K. Takasugi, “Two-
step Wireless Link Quality Prediction Using Multi-camera Images,”
Proc. of the 33rd IEEE Annual International Symposium on Personal,
Indoor and Mobile Radio Communications (PIMRC 2022), pp. 509—
514, Kyoto, Japan, Sept. 2022. https://doi.org/10.1109/
PIMRC54779.2022.9977750

[8] T. Nishio, H. Okamoto, K. Nakashima, Y. Koda, K. Yamamoto, M.
Morikura, Y. Asai, and R. Miyatake, “Proactive Received Power
Prediction Using Machine Learning and Depth Images for mmWave
Networks,” IEEE J. Sel. Areas Commun., Vol. 37, No. 11, pp. 2413—
2427, Nov. 2019. https://doi.org/10.1109/JSAC.2019.2933763

[9] H. Nagata, R. Kudo, K. Takahashi, T. Fujita, K. Takasugi, Y. Aoki, Y.
Horise, and Y. Morihiro, “5G Throughput Prediction for 28 GHz
Channels Using Physical Space Information,” Proc. of the 2024 IEEE
Wireless Communications and Networking Conference (WCNC), pp.
1-6, Dubai, United Arab Emirates, Apr. 2024. https://doi.org/10.1109/
WCNC57260.2024.10571119

[10] ROS, http://wiki.ros.org/navigation

[11] Iperf, https://iperf.fr/

47


https://doi.org/10.1109/ACCESS.2017.2685687
https://doi.org/10.1109/ACCESS.2017.2685687
https://www.rd.ntt/e/iown/
https://www.docomo.ne.jp/english/corporate/technology/whitepaper_6g/
https://www.docomo.ne.jp/english/corporate/technology/whitepaper_6g/
https://doi.org/10.1109/PIMRC.2017.8292749
https://doi.org/10.1109/PIMRC.2017.8292749
https://doi.org/10.53829/ntr202207fa4
https://doi.org/10.53829/ntr202207fa4
https://doi.org/10.1109/PIMRC54779.2022.9977750
https://doi.org/10.1109/PIMRC54779.2022.9977750
https://doi.org/10.1109/JSAC.2019.2933763
https://doi.org/10.1109/WCNC57260.2024.10571119
https://doi.org/10.1109/WCNC57260.2024.10571119
http://wiki.ros.org/navigation
https://iperf.fr/

Regular Articles

Hisashi Nagata

Research Engineer, NTT Network Innovation
Laboratories.

He received a B.S. and M.S. in physics from
Tokyo University of Science in 2012 and Osaka
University in 2014, respectively. In 2014, he
joined NTT Network Innovation Laboratories.
He worked for NTT WEST from 2017 to 2021.
He is now with NTT Network Innovation Labo-
ratories. The current focus of his research is
machine learning in wireless communications.
He is a member of the Institute of Electronics,
Information and Communication Engineers
(IEICE) and the Institute of Electrical and Elec-
tronics Engineers (IEEE).

Riichi Kudo

Senior Research Engineer, NTT Network Inno-
vation Laboratories.

He received a B.S. and M.S. in geophysics
from Tohoku University, Miyagi, in 2001 and
2003 and Ph.D. in informatics from Kyoto Uni-
versity in 2010. In 2003, he joined NTT Network
Innovation Laboratories. He was a visiting fel-
low at the Center for Communications Research
(CCR), Bristol University, UK, from 2012 to
2013, and was with NTT DOCOMO from 2015
to 2018. He is now with NTT Network Innova-
tion Laboratories. He received the Young Engi-
neer Award from IEICE in 2006 and IEEE AP-S
Japan Chapter Young Engineer Award in 2010.
He is a member of IEICE and IEEE.

Kahoko Takahashi

Researcher, NTT Network Innovation Labora-
tories.

She received a B.S. in seismology and M.S. in
sensory information science from Yokohama
City University in 2017 and 2019. In 2019, she
joined NTT Network Innovation Laboratories.
Her current research interests include machine
learning. She is a member of IEICE.

NTT Technical Review  Vol. 23 No. 3 Mar. 2025

Takayuki Yamada

Senior Research Engineer, NTT Network Inno-
vation Laboratories.

He received a B.E. in electronics from Doshi-
sha University, Kyoto, in 2005 and M.E. in com-
munications and computer engineering from the
Graduate School of Informatics, Kyoto Univer-
sity, in 2007. Since joining NTT Network Inno-
vation Laboratories in 2007, he has been engaged
in research and development of flexible wireless
systems, high-capacity wireless systems, and
wireless signal processing. He received the Best
Paper Award from the IEICE Communications
Society in 2012 and the Young Researcher’s
Award from IEICE in 2013. He also received the
Best Technical Exhibition Award at Smart-
Com2014 and the Best Paper Award from [EICE
in 2015.

Takafumi Fujita

Senior Research Engineer, NTT Network Inno-
vation Laboratories.

He received a B.S. and M.S. from the Univer-
sity of Tokyo in 1999 and 2001. He joined NTT
in 2001 and engaged in the research and develop-
ment of wireless local area networks, low-power
wide-area networks, and network architectures
for machine-to-machine/Internet-of-Things
communications. He is currently involved in
research and development of beyond-5G and 6G
mobile network systems. He received the Young
Researcher’s Award from IEICE in 2008. He is a
member of IEICE.

48





