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Abstract

In this paper, we obtain and study typical beam entropy values for millimetre-wave (mm-wave)

channel models using the NYUSIM simulator for frequencies up to 100 GHz for fifth generation

(5G) and beyond 5G cellular communication systems. The beam entropy is used to quantify sparse

MIMO channel randomness in beamspace. Lower relative beam entropy channels are suitable for

memory-assisted statistically-ranked (MarS) and hybrid radio frequency (RF) beam training algorithms.

High beam entropies can potentially be advantageous for low overhead secured radio communications

by generating cryptographic keys based on channel randomness in beamspace, especially for sparse

multiple-input multiple-output (MIMO) channels. Urban microcell (UMi) and urban macrocell (UMa)

cellular scenarios have been investigated in this work for 28, 60, 73, and 100 GHz carrier frequencies

and rural macrocell (RMa) scenario for 3.5 GHz.

Index Terms

Fifth generation (5G) cellular communication, beam entropy, relative beam entropy, millimetre-

wave (mm-wave) communications, sparse MIMO channels, beamspace MIMO, memory-assisted statistically-

ranked (MarS) RF beam training, hybrid RF beam training.
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I. INTRODUCTION

Global data traffic projections indicate that by 2022 the annual global internet protocol (IP)

traffic will reach 4.8 zettabytes (ZBs) per year, traffic from wireless and mobile devices will

account for 71 percent of total IP traffic, and mobile data traffic will increase sevenfold between

2017 and 2022 growing at a compound annual growth rate (CAGR) of 46 percent between 2017

and 2022, reaching 77.5 exabytes (EBs) per month by 2022 [1].

Large scale MIMO systems in mm-wave and THz bands will play an instrumental role

in meeting these demands by providing ultra-high data rate radio links [2] – [6]. Despite

their very high spatial dimensions, mm-wave and THz MIMO channels are sparse. For sparse

MIMO channels the number of available multi-path components (MPCs) for communications

is limited and much smaller compared to the spatial channel dimensions, i.e., the MIMO

channel matrix H is rank deficient with its rank being much smaller than its spatial dimensions.

Beamspace MIMO representation is very useful for such sparse MIMO channels because these

channels are easier to learn in beamspace than in the spatial signal space [7] – [11]. In such

cases, RF beamforming allows low cost, low power consumption, and miniaturized hardware

implementation as compared to fully digital baseband processing by avoiding extra RF chains

[12], [13]. In the RF beamforming, the beamforming weights are implemented using digitally-

controlled analog phase-shifters at the RF stage or the intermediate-frequency (IF) stage. The

RF beamforming also corresponds to the first stage of the hybrid beamforming [12], [13].

The carbon footprint of information and communication technology (ICT) systems was as

large as that of global air travel way back in 2008 [14] and deployment of these systems

continues to outpace forecasts. Therefore, it is important to save beam training time and thereby

the power consumption as much as possible. In this direction, a memory-assisted statistically

ranked (MarS) algorithm was proposed in [11] to exploit the statistics of past beam training

data for reducing the RF beam training overheads to a statistically minimum value. MarS not

only saves the RF beam training time but also increases the robustness against the receiver

noise because it was shown in [15] and [16] that a reduction in the number of beam tests

increases the robustness against the receiver noise by reducing the probability of false beam

selections. In [11], the information-theoretic notions of entropy and relative entropy from [17]

were employed in the form of ‘beam entropy’ and ‘relative beam entropy’, respectively, for

representing angular or beam statistics of a sparse MIMO channel to choose MarS over hybrid
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RF beam training. The beam entropy E is defined below by equation (1),

E = −
N∑
i=1

pilog2(pi), (1)

where pi is the probability of the ith beam to provide a communication path and N is the number

of Tx or Rx beams. In equation (1), we choose the base of ‘2’ for the logarithm because typically

the RF/IF phase-shifters are controlled digitally. A beam entropy value depends on: (i) the size

of the beamforming codebook, i.e., the number of beams and (ii) the channel randomness in

beamspace, i.e., in the angular domain, e.g., randomness of the angle of arrival (AoA) or/and

the angle of departure (AoD). The larger the number of beams, the larger the maximum possible

value of beam entropy. For a given beamforming codebook, beam entropy reaches its maximum

value when all the beams are equiprobable, i.e., p1 = p2 = ... = pi = ... = pN−1 = pN . Also,

the larger the randomness of the AoA or/and the AoD, the larger the respective beam entropy.

The lower the beam randomness, the lower is the beam entropy E. If any of the beams has the

probability of one, then the beam entropy E will be zero. For a given beamforming codebook,

relative beam entropy is defined as the ratio of the actual beam entropy to the maximum possible

entropy for equiprobable beams. Having a range from 0 to 1, the relative beam entropy value

depends only on the angular randomness of the channel and can be used as its single parameter

indication in beamspace. Also, the relative beam entropy value remains unchanged even if the

base for the logarithm is changed in equation (1). Beam entropy values can also be helpful for

the development of novel cryptographic algorithms by leveraging the channel stochasticity in

beamspace for low overhead secured wireless communications.

UMi, UMa, and RMa specifications are listed in Tables 7.2-1 and 7.2-3 of [5] and reproduced

over here as Tables I, II, and III, respectively, for convenience. The carrier frequency for RMa,

i.e., rural deployment scenario is limited to 7 GHz and the key characteristics of this scenario

is continuous wide area coverage supporting high speed vehicles.

In this paper, we present a novel research work to obtain typical beam entropy values for

mm-wave channel models for UMi and UMa cellular scenarios for 28, 60, 73, and 100 GHz

carrier frequencies and for RMa scenario for 3.5 GHz carrier frequency by using NYUSIM

5G mm-wave channel simulator [18]. The rest of the paper is organized as follows: Section II
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TABLE I

PARAMETRES FOR URBAN MICROCELL (UMI) STREET CANYON SCENARIO

Sl. No. Parametre Value

1 BS antenna height 10 m

2 UT mobility (hori. plane only) 3km/h

3 UT location Outdoor and indoor

4 UT Height 1 m

5 Environment LoS and NLoS

6 Min. BS to UT distance (2D) 10 m

7 UT distribution (horizontal) Uniform

TABLE II

PARAMETRES FOR URBAN MACROCELL (UMA) SCENARIO

Sl. No. Parametre Value

1 BS antenna height 25 m

2 UT mobility (hori. plane only) 3km/h

3 UT location Outdoor and indoor

4 UT Height 1 m

5 Environment LoS and NLoS

6 Min. BS to UT distance (2D) 35 m

7 UT distribution (horizontal) Uniform

specifies the problem statement and the methodology, Section III presents simulation results,

and Section IV summarizes and concludes the paper.

II. PROBLEM STATEMENT AND METHODOLOGY

It is useful to obtain typical beam entropy values for sparse mm-wave channels for 5G and

beyond 5G cellular applications. This will provide an indication for beamspace-randomness of

mm-wave cellular MIMO channels which is useful for RF beam training, novel cryptographic

algorithms, and unforeseen future signal processing requirements for sparse MIMO radio com-

munications.

Millimetre-wave channel models for cellular communications were developed for UMi, UMa,

and RMa scenarios by the 3rd Generation Partnership Project (3GPP) in [5]. A comparison of
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TABLE III

PARAMETRES FOR RURAL MACROCELL (RMA) SCENARIO

Sl. No. Parametre Value

1 BS antenna height 35 m

2 UT mobility High speed vehicles

3 UT location Outdoor, indoor, and in car

4 UT Height 1.5 m

5 Environment LoS and NLoS

6 Min. BS to UT distance (2D) 35 m

7 UT distribution (horizontal) Uniform

3GPP and NYUSIM channel models was presented in [19] which showed that NYUSIM channel

model has better physical basis and is more reliable for realistic simulations. In view of [19],

it was decided to use NYUSIM simulator version 1.6.1 for this work.

A large number of MIMO channels were generated using NYUSIM with specifications as

listed in Table IV. As can be seen in serial number 2 of Table IV, the bandwidth has been

taken to be only 0.5 MHz because of the following reason: for maximum allowable bandwidth

of 800 MHz with 0.5 kHz sub-carrier spacing, i.e., with 1600 sub-carriers, simulations were

performed. The MIMO channel matrices were analysed for all 1600 sub-carriers using singular

value decomposition (SVD) and all the sub-carriers had extremlely close singular values with

the differences being in the third or fourth decimal digit. Since beam entropy characterises the

channel randomness in beamspace, the beam entropy values will almost surely be the same or

extremely close for all the sub-carriers. Therefore, to save computational load and time, it was

decided to consider only one sub-carrier of 500 kHz bandwidth for further work reported in

this paper.

As noted in serial numbers 11 to 14 of Table IV, we take Tx and Rx antenna array to be of

uniform linear array (ULA) type for simplicity. As a typical representation of base station (BS)

and mobile user equipment (UE), we set the number of ULA elements to be 256 and 16 at

the BS transmitter and the UE receiver, respectively, because a BS can accommodate a larger

antenna array than a mobile UE with a small form-factor.

The remaining fields not recorded in Table IV were left to their default values in NYUSIM

v 1.6.1. UMa and UMi scenarios were simulated for the four frequencies, viz. 28, 60, 73, and
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TABLE IV

PARAMETRES COMMON TO NYUSIM SIMULATIONS

Sl. No. Parametre Value

1 Range 10-500 m

2 RF Bandwidth 500 kHz

3 Tx Power 30 dBm

4 Base Station Height 35m (RMa only)

5 Barometric Pressure 1013.25 mbar

6 Humidity 50 %

7 Temperature 20 deg

8 Rain Rate 0 mm/hr

9 Polarisation Co-pol

10 Foliage loss Nil

11 Tx Array Type ULA

12 Rx Array Type ULA

13 No. of Tx ULA elements 256

14 No. of Rx ULA elements 16

15 Tx ULA spacing Half wavelength

16 Rx ULA spacing Half wavelength

17 Environment Line of Sight (LoS)

100 GHz, to generate 16 x 256 MIMO matrices. RMa scenario was simulated for the carrier

frequency of 3.5 GHz since it is one of the allocated bands for the cellular communications.

The resultant MIMO matrices were used to perform exhaustive1 RF beam training with discrete

Fourier transform (DFT) beamforming codebooks at BS Tx and UE Rx. DFT beamforming

codebooks were chosen for the following reasons: (i) minimum inter-beam coupling, i.e., for

DFT beamforming codebooks, at the main response axis (MRA) of one beam all other beams

have their nulls. (ii) DFT beamforming codebooks also correspond to the left and right unitary

matrices obtained after SVD decomposition of a MIMO channel matrix [Chapter 7 of [20]].

After the exhaustive RF beam training results were obtained for a large number of MIMO

channel realisations, BS Tx and UE Rx beam entropy values were calculated as per equation

(1).

1Equivalently, multi-level RF beam training algorithm can also be used.
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III. SIMULATION RESULTS

20,000 random 16 x 256 MIMO channel realisations corresponding to 20,000 random user

locations were obtained using NYUSIM v 1.6.1 for each of the four frequencies, viz, 28, 60,

70, and 100 GHz, for UMi and UMa cellular scenarios. In all eight cases, the MIMO channel

matrices were consistently of rank one, having channel condition numbers of about 166 dBs,

indicating one dominant cluster with much weaker non-dominant clusters in the cellular mm-

wave environment. The typical Rx and Tx beam entropies were about 3.75 and 7.62, varying in

third and fourth decimal places for different scenarios and different frequencies. For a 16 x 256

MIMO channel using DFT beamforming codebooks at Rx and Tx, the maximum possible Rx

and Tx beam entropies are 4 and 8, respectively. So, typical Rx and Tx relative beam entropies

are 0.9375 and 0.953, respectively.

In further simulations, the Tx power was increased from 30 dBm to 60 dBm for the 28 GHz

UMi scenario. Despite the increased Tx power, the same values of Rx and Tx beam entropies

were obtained as with Tx power of 30 dBm. In other words, we do not observe changes in

Rx and Tx beam entropy values with increase in Tx power. This reinforces the understanding

that the non-dominant clusters are too weak compared to the dominant clusters so that even

a thousand fold increase in the Tx power also does not lead to a creation of new dominant

clusters.

With MIMO channel dimensions changed from 16 x 256 to 8 x 128 for the 28 GHz UMi

scenario, we obtained Rx and Tx beam entropy values of 2.7927 and 6.6759 for 8315 random

channel realisations. These beam entropy values correspond to Rx and Tx relative beam entropy

values of 0.9309 and 0.9537, respectively. These relative beam entropy values are also very

close to those obtained for simulations with 16 x 256 MIMO channels.

In Figure 1, we can see the Rx beam histogram for the 28 GHz UMi scenario with MIMO

channel dimension of 8 x 128 for 8315 random channel realisations. As stated above, the Rx

beam entropy for this case was 2.7927 corresponding to a relative beam entropy value of 0.93.

We can see that the central beam corresponding to the Rx ULA broadside have almost equal

numbers of occurrences and therefore probabilites because if we normalise this histogram by

the total number of runs we get the probability mass function (PMF) of Rx beams. We also note

from Table I that the UE or UT distribution is uniform which is a good match. We observe that

relative beam entropy values remain almost the same even with change in MIMO dimensions.
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Fig. 1. Rx beam histogram for 28 GHz UMi scenario

We note that the maximum carrier frequency for RMa scenario is 7 GHz for continuous

wide area coverage supporting high speed vehicles. We choose 3.5 GHz since it is one of the

allocated bands. RMa scenario was simulated for the carrier frequency of 3.5 GHz with 4 x 128

MIMO channel. For 20,000 random channel realisations and 30 dBm Tx power, the Rx and Tx

beam entropy were 1.851 and 6.693, corresponding to Rx and Tx relative beam entropy values

of 0.926 and 0.956, respectively. For 60 dBm Tx power, the Rx and Tx relative beam entropy

values were 0.926 and 0.956, respectively, similar to UMi and UMa scenarios.

The cellular mm-wave channels have high relative beam entropy values because of the

uniform UT distributions as shown in Tables I, II, and III. From the view point of appli-

cation of MarS and hybrid RF beam training algorithms [11], the high relative beam entropy

values are of little advantage since the different beams are almost equally likely to provide

a communication path. However, such high relative beam entropy values may be useful for

developing novel cryptographic key generation algorithms which leverage the high randomness

of beams, probably aided by a beam-tracking algorithm [21]. For the cases of very narrow

beams, the possibility of eavesdropping is not very high due to the limited spatial spread of the

electromagnetic energy. The beam entropy values can potentially serve as a useful metric for

novel access or radio resource allocation protocols. Beam entropy metric can also be useful for

unified communications and sensing based on the common radio hardware, e.g., automotive and

industrial applications. As an example, a beam entropy value, based on the memory-assisted

beam statistics, can be useful for sensing applications or sensor systems where a search needs to

be performed in a given angular space, say searching a target on ground or searching an aircraft
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in the sky, etc. Currently, sequential scans are used, e.g., for military applications where the

beam statistics data is not available and target distribution is expected to be typically uniform

in the search zone. With emerging sensing applications in consumer and civilian sectors, e.g.,

automotive radars, etc., a tailored form of MarS could be useful to save search time and

resources for non-uniform target distributions.

IV. CONCLUSIONS

NYUSIM simulations resulted in typical Rx and Tx relative beam entropy values of 0.938 and

0.953, respectively, for 5G cellular mm-wave channels. Such high relative beam entropy values

indicate a little advantage in employing MarS RF beam training algorithms for cellular mm-wave

channels. There is a potential case for the possibility of low overhead secured communications.

Relative beam entropy values remained almost unchanged with increase in Tx power and

MIMO dimensions. Relative beam entropy values increased very gradually with an increase in

the number of channel realisations used for calculating beam entropy values.

This work used one and the same value for single element antenna gain for all frequencies,

while for a given form-factor higher frequency antennas should achieve higher gains. It is

an interesting future work to obtain typical beam entropy values for different frequencies with

frequency variant single element antenna gains. It will also be useful to investigate typical beam

entropy values for higher frequencies, especially towards 300 GHz, and indoor applications,

e.g., virtual reality use case of EU Horizon 2020 WORTECS project [22], [23].
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