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Abstract—Geometry-based stochastic model (GBSM) of multi-
ple input multiple output (MIMO) channel describes the channel
impulse response (CIR) in the sense of rays and clusters, which
obey the empirical distributions. Thus, the correlation between
MIMO sub-channels is not explicitly defined, which makes
it difficult for GBSM to predict channel capacity accurately.
Facing the increased antenna number of massive MIMO for fifth
generation (5G) communication, we propose a channel modeling
method using principal component analysis (PCA). This method
takes advantage of the hidden features and structures extracted
from the measured channel data, combining the information
of the scenario and antenna configurations, to reconstruct the
amplitude and phase of the CIR respectively. The sparse features
and structures can efficiently support the high antenna number
of massive MIMO. By the proposed scheme, the accuracy of
56× 32 MIMO capacity improves 12.8% compared with the
GBSM model.

I. INTRODUCTION

In recent years, the rapid ever-increasing users of various

mobile devices and innovative applications has made a tremen-

dous increase in the volume of mobile data. Facing such

enormous demands, international mobile telecom system-2020

(IMT-2020) or the fifth generation (5G) mobile communication

system expects to increase the user experience data rate to 1

Gbps, which is about 50 times of the forth Generation (4G).

One of the most promising solutions to achieve this target

is to further utilized the spatial resources as the spectrum

resources are limited. Multiple input multiple output (MIMO)

is a technology which takes advantage of the spatial resources

to improve the spectral efficiency, it is widely used in wireless

communication systems now and will still be a mainstream

technology in IMT-2020.
Wireless channel has a crutial impact on design and de-

ployment of wireless communication systems, so it is of great

interest to study and model the MIMO channel. Geometry-

based stochastic model (GBSM) is the mainstream channel

model methodology for the system design and performance

evaluation. Several standard groups adopt this model method-

ology in the development of the 4G wireless communication,

for example, WINNER II and ITU-R M.2135 [1][2]. With the

rising of 3D MIMO technology, GBSM takes the elevation

dimension into account[3]. At 2014, 3GPP released 3GPP TR

36.873 as the standardized 3D GBSM [4].

GBSM is essentially a stochastical channel model method-

ology, it empirically predicts the received signal fading from

the probability distribution of channel characteristics and then

reconstructs channel impulse response (CIR) in the sense

of stochastics. The channel characteristics in GBSM include

delay, amplitude, azimuth angle of arrival, azimuth angle

of departure, elevation angle of departure, elevation angle

of departure and doppler shift. They mainly describe the

channel in the sense of rays and clusters. However, the

correlations between the sub-channels are scarcely embodied

in GBSM. Channel capacity a statistic characteristic of the

correlations between sub-channels. Usually, there is channel

capacity deviation between the GBSM simulation result and

the measurement result. Especially, the deviation increases

with antenna number. In IMT-2020, massive MIMO is a

promising candidate technology to further exploit the spacial

resources, it extends the MIMO technology by equipping a

few hundreds of antennas [5]. The existing channel models

for massive MIMO are generally continuations of GBSM [6],

the correlations of sub-channels are also not embodied in these

models.

Concretely, the correlations of sub-channels is represented

by the correlation matrix which is calculated by the frequency

channel impulse response (FCIR). Therefore, to precisely

model the sub-channel correlations, we should figure out the

structures and features of FCIR. But it is difficult to grasp

the structures and features of FCIR by its physical meaning

because the physical meanings of FCIR variation rules are not

explicit. However, if we just consider the FCIR as data, we can

use data mining methods to learn the features and structures

of the measurement data.

Data mining is widely known as Knowledge Discovery

in Database (KDD) [7]. It is the computational process of

discovering patterns in large data sets involving methods at

the intersection of artificial intelligence, machine learning,

statistics, and database systems [8]. Data mining can help

us to find the hidden and potential useful information from
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the repositories. Principal component analysis (PCA) is an

efficient feature extraction algorithm of data mining domain

[9]. In [10], the interdisciplinary research between big data

and channel model is pointed out and PCA has been used to

redescribe the relationships between large scale parameters of

wireless channel.

In this paper, we try to apply PCA to find the principal

features of FCIR, then use the features to reconstruct the

channel and precisely introduce the correlations between the

sub-channels for MIMO system, even massive MIMO system.

The contributions of this paper are as follows:

1) The principal features of the FCIR’s amplitude are extracted

from the measurement data using PCA.

2) The phase structures of the FCIR in all sub-channels are

reasonably set to introduce the correlations to sub-channels.

3) The features and structures of the FCIR are used to

model the wireless channel, demonstrating that our method

achieves improved accuracy in channel capacity and eigen-

values when compared with the GBSM.

The rest of this paper is organized as follows. In section

II, we elucidate the MIMO channel. The analysis of FCIR

are described in section III. The MIMO measurement we

carried out is described in section IV. In section V, the

modeling procedure is demonstrated. The simulation results

are presented in section VI. Finally, in section VII, this paper

is concluded.

II. MIMO CHANNEL

In a frequency selective fading channel, the time variant

MIMO channel with NTx transmitting antennas and NRx

receiving antennas is represented by the NTx ×NRx complex

matrix H, where NTx and NRx are the numbers of Tx and

Rx antenna elements respectively. Each resolvable path has its

delay, τ . The channel complex matrix H(t, τ) of delay τ at

time t is given by:

H(t, τ) =
N∑
i=1

Hi(t, τ) =
N∑
i=1

Hi(t) · δ(τ − τi) (1)

where τi is the delay of the ith path, N is the number of

resolvable paths, and δ(·) is the Dirac delta function. Hi(t) is

the channel matrix of the ith path.

Channel capacity is an important metric for MIMO channel.

For the CIR of every measurement location, the discrete

fourier transform is applied to obtain the NTx × NRx FCIR

matrix, H(t, f). The f denotes the sub-carrier indice. The

mean capacity of the measurement scenario is calculated by

averaging the capacity of all the sub-carriers and all the

measurement locations [11].

C = 1
LNf

L∑
p=1

Nf∑
f=1

log2 det
(
IN + ρ

β2NTx
H(t, f)HH(t, f)

)

(2)

where ρ is the signal to noise ratio (SNR), L and Nf are

the numbers of measurement locations and the sub-carriers

respectively, and N is the smallest one of NTx and NRx. β
is a normalization factor to remove the effect of different path

Fig. 1. Analysis of the FCIR

losses at different measurement locations, it is defined by:

E
[
1
β ‖H(t, f)‖2F

]
= NRxNTx (3)

Note that, Eq. (2) holds when NRx is bigger than NTx. If

NRx is less than NTx, the H(t, f)HH(t, f) in Eq. (2) should

be replaced by HH(t, f)H(t, f). In the data analyzed in this

paper, NRx is larger than NTx.

Obviously, the FCIR matrix is decisive in the calculation of

channel capacity. So without reasonably modeling the FCIR,

it is impossible to get an accurate channel capacity by channel

modeling. To model the FCIR, its features and structures

should be figured out.

III. ANALYSIS OF THE FCIR

The FCIR at one measurement location is a Ns ×Nf

complex matrix, Ns is the number of sub-channels, it is

the product of NTx and NRx. As the measurements were

performed at L different locations, a NLS ×Nf FCIR data set

is gotten by combining the FCIRs of L measurement locations,

where NLS is the product of L and Ns. Because the FCIR data

set is a complex matrix, the amplitude of the FCIR (AFCIR)

and the phase of FCIR (PFCIR) are respectively analyzed. The

procedure of FCIR analysis is shown in Fig. 1.

A. Features of the AFCIR

Although the AFCIRs in all sub-channels are different from

each other, their main variation trends along the sub-carriers

are quite similar and sparse. So if the main variation trends of

AFCIRs can be figured out, we can use them to reconstruct

the AFCIR.

PCA is a data mining method that uses an orthogonal

transformation to convert a set of observations of possibly

correlated variables into a set of values of linearly uncorre-

lated variables called principal components [9]. Here PCA is

applied to analyze the NLS ×Nf measured AFCIR matrix, A.

Because the power of every sub-channel can be quite precisely
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calculated by the 3D GBSM like TR 36.873, here we focus

on the features of AFCIR which is normalized in every sub-

channel. The analysis procedure is described as follows:

Step 1: Calculate the empirical mean along each row of A
and then place the mean values into an empirical mean

vector u.

u(m) = 1
Nf

Nf∑
n=1

A(m,n),m = 1, 2 · · ·NLS (4)

Step 2: Centralize A as: S = A− huT , where h is a Nf × 1
column vector of all 1s.

Step 3: Calculate the autocorrelation matrix of S as C = STS,

then an eigenvalue decomposition is applied on C

C = FΣF−1 (5)

where F = [f1, · · · , fNf
] and Σ = diag[λ1, · · · , λNf

],
fi and λi are the eigenvectors and eigenvalues respec-

tively.

Step 4: A projection matrix T is derived as

T = SF (6)

So far, after applying PCA to AFCIR in NLS sub-channels,

three matrixes, F, T and Σ are acquired. Every column

of F is a component vector of S. T has NLS rows, each

of them is a projection vector on the Nf components of

a row of S. In convention, if the sum of the largest p
eigenvalues in Σ is more than 90% of the sum of all the

Nf eigenvalues, the corresponding p columns in F are the

principal components of AFCIRs in all the NLS sub-channels.

The p values corresponding to the principal components in

every column of T are the p projections of the AFCIR of

every sub-channel on the p principal component vectors. The

correlation coefficients between the p projections in NLS

sub-channels are quite small in our data analysis, so the p
projections are assumed to be independent. The distribution

of the p projection can be acquired from matrix T. After

the principal components and their corresponding projections

are acquired, then the normalized AFCIR in the measurement

scenario and configuration can be reconstructed. At last, with

the power values of all sub-channels simulated by GBSM, the

AFCIR at different Rx and Tx locations can be generated.

B. Structures of PFCIR

Firstly, according to the inverse discrete fourier transform

(IDFT) formula and the AFCIR already generated, the PFCIR

in every single sub-channel is reasonably set to fit the time-

domain statistical characteristics of the scenario, for example,

the K-factor and delay spread. It is important to note that the

PFCIRs generated in Ns sub-channels are equal, put it this

way, the time domain statistical properties of the CIRs in this

scenario can be represented, on the other hand, the introduction

of correlations between sub-channels which will be mentioned

below can be feasible.

Secondly, due to the similar propagation environment and

measurement devices, there are correlations between the sub-

channels. Channel capacity is a metric to measure the cor-

relations between the sub-channels. According to Eq. (2),

the capacity relies on the matrix Q = H(t, f)HH(t, f), the

element of the matrix, Q(m,n) equals to hm(t, f)hH
n (t, f),

where hi(t, f) is the ith column of H(t, f). Actually, hi(t, f)
represents the frequency responses of the NRx sub-channels

corresponding to the ith Tx antenna element at the fth sub-

carrier. So Q(m,n) represents the correlation between the

sub-channels of the mth and nth Tx antenna elements. As

the PFCIR vectors in Ns sub-channels are equally set, the

phases of the elements in H(t, f) are equal. If we properly

add different phases to the elements of H(t, f) ,we can build

phase relationships between the columns of H(t, f), the values

of the elements of Q can be adjusted, thus the correlations

between the sub-channels can be precisely modeled.

The additive phases are given as:

Pi,k = Pj,k + aR (7)

where Pi,k and Pj,k are the NRx × 1 additive phase vectors

of hi(t, k) and hj(t, k). R is a NRx × 1 random vector, its

elements r(i) ∼ uniform(−π, π), i = 1, 2, · · · , NRx. a is a

correlation factor between 0 and 1, which controls the intensity

of correlation between the sub-channels corresponding to the

two antenna elements. Increase of a results in the decline of the

amplitude of hi(t, f)h
H
j (t, f), thus it leads to the decline of

the correlation between the sub-channels of the ith and jth Tx

antenna elements. Conversely, decrease of a leads to the rise

of the correlation. The correlation factor relys on the relative

positions, directions and polarizations of the corresponding

antenna elements.

Note that, the additive phases at every sub-carriers are the

same set of phases. So in respect to PFCIR of every single

sub-channel, adding the additive phases is just adding a equal

phase to the Nf phases of the PFCIR in this sub-channel, it

will not change the time domain statistical properties of the

MIMO channel.

Concretely, the additive phases can be generated following

4 steps.

Step 1: Divide all Tx antenna elements into several groups

according to their positions, polarizations and main

radiation directions to Rx antennas, ensuring that the

correlation between two elements in same group is

relatively strong while the correlation between two

elements in different groups is relatively weak.

Step 2: For every element group, according to the relative

position, choose an antenna element which is most

correlated with other elements of the group as the

referential element, then generate a random additive

phase whose elements obey uniform(−π, π) for the

referential element.

Step 3: According to the polarizations and relative positions to

the referential antenna element, the relations between

every element and its referential element are divided

into n categories which are represented by n different

correlation factors, {a1, a2 · · · an}.

Step 4: Generate 10n factor sets consist of n factors by ranging

the n numbers from 0.1 to 1 at a 0.1 interval respec-
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(a) Photo of the ODA with 56
antenna elements

(b) Structure of the Tx ODA
which acts 32 of the 56 antenna
elements

Fig. 2. ODA

tively. Afterwards, according to Eq. (7), generate the

additive phase vectors for every factor set. Combined

with the measured AFCIR, 10n FCIRs are acquired.

Pick out the FCIR whose eigenvalues distribution and

mean capacity are closest to the measurement result,

the corresponding n factors are finally chosen as the

n correlation factors and the corresponding additive

phase vectors are the final additive phase vectors. The

NS additive phases are acquired from the vectors.

Finally, by adding the NS additive phases to the PFCIRs of

corresponding sub-channels respectively, the correlations be-

tween sub-channels of NTx Tx antenna elements is introduced.

IV. MEASUREMENT DESCRIPTION

To provide data for analysis in previous section and validate

the proposed modeling method, an indoor measurement is

performed.

A. Measurement System

In order to capture real channel information, we utilized

the Elektrobit Propsound sounder described in [12], it worked

in time-division multiplexing mode by transmitting periodic

pseudo random binary sequence (m-sequence). The carrier

frequency and signal bandwidth are 6 GHz and 100 MHz

respectively. We define the interval that all antenna elements

were sounded once as a measurement cycle (snapshot). Every

cycle had 254 chips, 1270 ns. As shown in Fig. 2 (a), a

dual-polarized omnidirectional array (ODA) consisting of 56

antenna elements with 8 adjacent sides and a top surface was

used at Rx, and another identical ODA which acted only 32

of the 56 elements was used at Tx.

B. Measurement Scenario

The measurement was performed in a teaching building of

BUPT, China. The layout of measurement is illustrated in Fig.

3. In our measurement, the base station (BS) equipped with

a 2.1 m high Tx antenna was installed at one end of a 15 m

long corridor. The mobile station (MS) equipped with a 1.7 m

high Rx antenna was located on a hand trolley. The Rx was

measured at 179 different positions, the distance between the

neighboring measurement positions is 0.4 m.

Fig. 3. Layout of the measurement

Fig. 4. Modeling procedure of the FCIR

V. CHANNEL MODELING IN FREQUENCY DOMAIN

After the measurement, the FCIRs collected at 179 locations

are combined to a 320768× 254 FCIR matrix. Following the

method described in section III, the wireless channel of the

measured scenario is analyzed and modeled as follows. The

modeling procedure are shown in Fig 4.

A. Generation of AFCIR matrix

Given the Tx and Rx locations, an AFCIR matrix, A′, is

generated following 3 steps.

Step 1: Apply PCA to the normalized 320768× 254 AFCIR

matrix of measurement and the three results of PCA,

F, T and Σ, are acquired. As the largest 6 eigenvalues

in Σ are 0.7341, 0.0677, 0.0495, 0.0251, 0.0222,

0.0129, the sum of them is 91% of the sum of all

eigenvalues, so the 6 corresponding components in

matrix F are chosen as principal components and

placed in a matrix Fr. The 6 principal components

are shown in Fig.5. In addition, the distributions of 6

projections are extracted from matrix T.

Step 2: Calculate the normalization of A′, AN . A 1792× 6
projection matrix Tr is generated randomly according

to the distributions of the six projections. Then Sr is

calculated as Sr = TrFr
T . Because the smallest value

of AFCIR in every sub-channel is very close to 0,

so the smallest value of every column of Sr is the

opposite value of the mean value of the column in AN .

Place the smallest value of every column of Sr into a
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Fig. 5. Principal components of AFCIR

vector v as: v(i) = min(Sr(j, i)), j = 1, 2 · · · 254, so

AN is calculated as:

AN = Sr − hv (8)

where h is a 1792× 1 vector of all 1s. At last, AN

should be normalized in every row to make every sub-

channel in AN has unit power.

Step 3: Calculate A′. According to the Tx and Rx locations,

the power values of all sub-channels are acquired from

TR 36.873 simulation under our measurement scenario

and configuration, and then the square root values

of the power values are placed in a 1792× 1 vector

e = {e1, e2 · · · e1792}. Finally, A′ is calculated as

A′
i = eiANi, i = 1, 2 · · · 1792 (9)

where A′
i and ANi are the ith row of A′ and AN

respectively.

B. Generate the PFCIR matrix

After the generation of AFCIR, PFCIR matrix P ′ is gener-

ated following 5 steps.

Step 1: Generate PFCIRs of all sub-channels. A 254× 1
PFCIR vector Pm is generated according to the IDFT

formula, AFCIR already generated and time-domain

statistical characteristics extracted from the measure-

ment results. The initial PFCIR matrix Pi equals to

hPm
T , where h is a 1792× 1 vector of all 1s.

Step 2: Divide the antenna elements into element groups. The

structure of the ODAs used in our measurement is

shown in Fig. 2 (b). 16 pairs of elements are located in

16 locations on 2 circles, element pairs on every circle

are placed at regular distance. At every location, two

dipole antenna elements are placed crosswise so that

their polarizations are orthogonal. According to their

relative positions to the Rx antenna, the Tx antenna

elements are divided into two groups:(1) Elements

whose main radiation directions have included angle

less than or equal to 90◦ with the direction of Rx, like

the elements which are in the red dashed box of Fig. 2

(b); (2) Elements whose main radiation directions have

included angle more than 90◦ with the direction of Rx,

like the elements which are not in the red dashed box

of Fig. 2 (b). The propagation paths of sub-channels

corresponding to the Tx antenna elements from the

same group have high similarity and therefore there are

high correlations existing between them. Conversely, if

two Tx antenna elements are from different groups, the

similarity between their sub-channels is quite low and

the correlations between these sub-channels are quite

weak.

Step 3: Choose a referential element for every element group,

and generate the additive phase vectors of the referen-

tial elements. No.1 and No.9 elements are chosen as

referential elements of their groups, the additive phase

vectors of them are generated as two 254× 1 random

vectors, P1 and P9.

Step 4: Classify the relations between every element and its

referential element. According to the polarizations and

relative positions to the referential antenna element in

the Tx ODA, the relations are divided into 4 categories:

(1) The elements which are in the same location, e.g.,

No.1 and No.2 elements; (2) The elements which are

from the same group, horizontally neighboring and

have same polarization, e.g., No.1 and No.3 elements;

(3) The elements which are from the same group,

have same polarization and height but not horizontally

neighboring, e.g., No.1 and No.5 elements; (4) The

elements which are vertically neighboring and have

same polarization, e.g., No.1 and No.17 elements.

The four kinds of relations are represented by four

correlation factors, {a1, a2, a3, a4}. The additive phase

vectors of all elements are generated as:

Pi =

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

Pi−1 + a1R, i = 2, 10
P1 + a2R, i = 3, 15
P9 + a2R, i = 7, 11
P2 + a2R, i = 4, 16
P10 + a2R, i = 8, 12
P1 + a3R, i = 5, 13
P2 + a3R, i = 6, 14
Pi−16 + a4R, i = 17, 18 · · · , 32

(10)

Note that, the random vector R in equations above are

generated randomly every time it is used.

Step 5: Calculate the correlation factors. Following the 4th step

described in part B of section III, the four correlation

factors, a1, a2, a3 and a4, are obtained.

Step 6: Calculate the PFCIR matrix. The 32 additive phase
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Fig. 6. CDFs of the first five principal eigenvalues for measurement, TR
36.873 and proposed model

Fig. 7. Capacity for measurement, TR 36.873 and proposed model

vectors are aligned to a 1792× 1 vector Pa. The

PFCIR matrix of the MIMO channel, P′, is calculated

as:

P′ = Pi +Pah
T (11)

Where h is a 254× 1 vector of all 1s.

C. Generation of CIR

The FCIR matrix H′
f is calculated as:

H′
f (m,n) = A′(m,n)e−j∗P′(m,n)

m = 1, 2 · · · 1792, n = 1, 2 · · · 254 (12)

Then, the H′
f is transformed to CIR matrix H by IDFT.

At last, H should be denoised. So far, the whole modeling

procedure is accomplished.

VI. SIMULATION RESULTS

Ordered Eigenvalue Distributions. The marginal CDFs of

the first five principal eigenvalues of the measurement, TR

36.873 model and the proposed model are respectively shown

in Fig. 6. It can be seen that the eigenvalues of proposed

model fit the measurement result better than eigenvalues of TR

36.873 model, especially in respect of the largest eigenvalue,

the CDF of proposed model fits the measurement result well,

but the CDF of TR 36.873 has an obvious deviation with the

measurement result. Note that, the channel coefficients for the

TR 36.873 simulation are all extracted from the measured data.

Channel capacity. The channel capacity of the measuremen-

t, the proposed model and TR 36.873 model are respectively

depicted in Fig. 7. It can be seen that the channel capacity

of the proposed method is much closer to the measurement

result. Actually, with 30 dB SNR, the channel capacity of the

measurement result is 266.2 bit/s/Hz, and the channel capacity

of the proposed model is 258.2 bit/s/Hz, while the channel

capacity of TR 36.873 model is 222 bit/s/Hz. It shows that,

with 30 dB signal to noise ratio, the accuracy of 56× 32
MIMO capacity improves 12.8% when compared with TR

36.873.

VII. CONCLUSION

GBSM describes the wireless channel in the sense of rays

and clusters, so the correlation between MIMO sub-channels

is not explicitly defined. In this paper, a modeling method

in frequency domain is proposed to solve the problem. This

method models the amplitude part and the phase part of FCIR

respectively. On one hand, the amplitude features are extracted

by PCA, On one hand, phase structures are set to represent

the correlations of the sub-channels. With the features and

structures, the channel impulse response is reconstructed. An

indoor measurement is performed to validate the proposed

model. The comparison of simulation and measurement results

shows that, in respect to MIMO capacity and eigenvalues

distribution, the proposed model has a much better accuracy

than the standardized 3D GBSM.
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