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ABSTRACT

We propose a novel probabilistic model for the interference
power distributions in a cellular network employing MIMO
beamforming in mmWave spectrum. Considering both line-
of-sight (LOS) and non-line-of-sight (NLOS) propagations,
we use the Gamma distribution for LOS interference power,
and propose a mixture of the Inverse Gaussian and Inverse
Weibull distributions for the NLOS interference power. For
the NLOS mixture model, an expectation maximization al-
gorithm is developed using both analytical moment matching
and maximum likelihood estimation. The composite proba-
bilistic model is tested against simulation data obtained from
a stochastic geometry based cellular network and demon-
strates low relative entropy (Kullback-Leibler distances) for
a wide range of practical mmWave path loss and shadowing
values.
Index Terms— interference models; mixture distribution.

1. INTRODUCTION

The underutilized mmWave bands (3-300 GHz) have been the
focus of current research as a promising candidate for 5G
systems. The bands are expected to solve the current prob-
lem of wireless spectrum scarcity coupled with the predicted
exponential increase in capacity demand [1–4]. Tradition-
ally, mmWave bands are considered for backhaul in cellular
systems, but not for cellular access. Recent trials, however,
show that nodes equipped with a large number of antennas
can successfully compensate for the high path loss and es-
tablish high-rate communication over short distances (100-
200m) [2, 4]. As a result, mmWave is being considered for
cellular access networks with short cell radius.

Smaller cell radii lead to dense base station (BS) deploy-
ments. Even under beamforming, these high BS and user den-
sities can drive the cellular networks to be more interference
rather than noise limited. While many-element adaptive ar-
rays can boost the received signal power and hence reduce
the impact of out-of-cell interference [3,5], interference char-
acterization still plays an important role in evaluating and pre-
dicting the dense mmWave networks performance.

mmWave cellular systems differ considerably from con-
ventional systems due to the particular channel characteris-

tics. Not only the propagation path loss is much higher with
distance, but measurement results show that mmWave sensi-
tivity to blockages also leads to severe shadowing effects and
to different path loss characteristics between LOS and NLOS
links [1,4,6,7]. Shadowing is of particular concerns and can-
not be ignored in urban environments where mmWave is pre-
dicted to have wide usage [8].

In our recent work [9], we modeled the NLOS interfer-
ence at the base station (BS) in an uplink communication sce-
nario, outside the approximated LOS ball region as in [10]. In
this work, we model the interference power at a receiver that
can be located anywhere in a cell of a fixed radius. We further
revoke the LOS ball region approximation and instead con-
sider a probability function plos(d) that defines the probabil-
ity a link of length d is LOS [11]. We show, by testing against
simulation data obtained from a stochastic geometry based
cellular network, that the Gamma distribution and the mix-
ture of the Inverse Gaussian (IG) and Inverse Weibull (IW)
distributions can accurately model the LOS and NLOS inter-
ference power, respectively, irrespective of the receiving node
location. We consider either moment matching (MM) or max-
imum likelihood estimation (MLE) to estimate the Gamma
distribution parameters and a combination of MM and MLE
to estimate the mixture model parameters.

2. NETWORK AND CHANNEL MODELS
2.1. Network model based on stochastic geometry
Consider a cellular system consisting of multiple cells with
a typical cell of average radius R0 under consideration. We
consider downlink transmissions in this paper and focus on
the interference at a user equipment (UE) located at a distance
D from the BS at the origin. In this cellular system, each
cell has a single BS that is equipped with NBS antennas and
serves multiple UEs. Each UE is equipped with NUE anten-
nas and uses a distinct resource block in each cell. Each UE
suffers from out-of-cell interference due to frequency reuse in
all other cells. Further, we assume that each UE is served by
the single BS closest to that user.

We model the BSs in different cells contending for the
same resource block and causing interference to each other
as being distributed on a two-dimensional plane according to
a homogeneous and stationary Poisson point process (p.p.p.)



Φ with intensity λ1. Connection from each BS can either be
a LOS or NLOS to the UE under consideration according to
the LOS probability function p(r) that defines the probabil-
ity that a link of length r is LOS. Assuming independence
in LOS probabilities among different links, we can repre-
sent the two BSs point processes ΦL and ΦN correspond-
ing to the LOS and NLOS propagations as two independent
non-homogeneous p.p.p. with intensity functions p(r)λ1 and
(1− p(r))λ1, respectively.

2.2. mmWave channel propagation model
We consider a complete channel model with shadowing, path
loss and small scale fading. We also consider the probabilistic
LOS and NLOS characteristics of a mmWave communication
link. As such, we express a typical MIMO channel with Tx-
Rx distance r in the following form:

H =
√
l(r)H̃ (1)

where random matrix H̃ captures the effects of small scale
fading, and function l(r) captures the large scale fading. Ri-
cian distribution has been used to model the small-scale fad-
ing distribution [12]. However, in this paper, we adopt the
model in [13] where each element in H̃ is i.i.d. CN (0, 1).
Consideration of a directional or Rician channel model will
be carried out in future work.

The large scale fading function l(r) captures both LOS
and NLOS propagation probabilistically as follows:

l(r) = B (p(r))Llβlr
−αl + (1− B (p(r)))Lnβnr

−αn(2)

where B (x) is a Bernoulli random variable with parameter x
representing the LOS probability; Ll ∼ log(0, σl) and Ln ∼
log(0, σn) are log-normal random variables with standard de-
viations σl dB and σn dB that capture the shadowing effect
of LOS and NLOS propagations, respectively; and {αl, αn}
and {βl, βn} are the LOS and NLOS pathloss exponents and
intercepts [14].

In this paper we consider the measurement based LOS
probability introduced in [11] as

p(r) =
[
min

(rBP
r
, 1
)(

1− e−r/α
)

+ e−r/α
]2

(3)

where rBP is the breakpoint distance at which the LOS prob-
ability is no longer equal to 1, and α is a decay parameter.

3. INTERFERENCE VECTOR FORMULATION

For the purpose of modeling network-wide interference, we
emphasize that the distribution of interference is independent
of the beamforming scheme employed. This condition is re-
alistic in most practical scenarios. We consider the downlink
interference at a UE from all active BSs at the same resource
block as the considered UE.

For the kth interfering BS, denote its unit-norm beam-
forming vector as wk ∈ CNUE×1. This beamforming vector
depends on the direct channel between the kth active BS and

its served UE and hence is independent of the interference
channel Hk. Then, the effective interference vector from the
kth interfering active BS is

hk=Hkwk=
√
l (‖zk−t0‖2)H̃kwk=

√
l (‖zk−t0‖2)h̃k, (4)

where t0 and zk are the 2-D locations of the considered UE
and the kth interfering BS in Φ with respect to the origin; and
h̃k is a random vector with i.i.d. elements as CN (0, 1).

The interference vector received at the considered UE
from all active BSs can then be expressed as

v0 =
∑
k

hkxk =
∑
zk∈Φ

√
Pkl (‖zk − t0‖2)h̃kUk. (5)

The transmitted signal xk =
√
PkUk where Pk represents

the total allocated power and Uk is a transmit symbol of dis-
tribution CN (0, 1).

For each realization of the interferers locations, the out-
of-cell interference in Eq. (5) can be modeled as CN (0,Q0).
Covariance matrix Q0 is symmetric with diagonal elements
representing the interference power at each receiving antenna
element, and the off-diagonal elements representing the cor-
relation among interference signals. However, the correlation
is found to be weak and negligible [9] and hence we focus on
modeling the diagonal elements of Q0.

4. INTERFERENCE POWER PER ANTENNA
ELEMENT

4.1. Interference power moments
The diagonal elements of Q0 form a random vector of inde-
pendent elements, each element is expressed as
q0 =

∑
zk∈Φl

l (‖zk − t0‖2)gkPk +
∑

zk∈Φn

l (‖zk − t0‖2)gkPk, (7)

where gk are all i.i.d. exp(1) and represent the power gain of
the Rayleigh channel fading from the kth interferer.

Lemma 1 below characterizes the first two moments of
the interference power q0 at each receiving antenna, based on
the stochastic geometry network model.

Lemma 1 (Interference Power Moments). For network-wide
employment of MIMO beamforming, the interference power
at each antenna of the interfered receiver has the statistics:

E [q0] = µl + µn, var [q0] = νl + νn. (8)

Here {µl, µn} and {νl, νn} represent the mean and variance
of interference power from LOS and NLOS interferers as

µi(D) = ζi

∫ 2π

0

∫ ∞
Rc

pi (d(r, φ,D)) d(r, φ,D)−αirdrdφ, (9)

νi(D) = ζ̃i

∫ 2π

0

∫ ∞
Rc

pi (d(r, φ,D)) d(r, φ,D)−2αirdrdφ, (10)

where i ∈ {l, n}; and d(r, φ,D), pl(x), pn(x), ζi, and ζ̃i are
defined as
d(r, φ,D) =

√
r2 +D2 − 2rD cos(φ),

pl(x) = p(x), pn(x) = 1− p(x),

ζi = λ1PkβiE[Li], ζ̃i = 2λ1P
2
kβ

2
i E[L2

i ]. (11)
Proof. Omitted due to space, see [15] for details.



1. Initialization: Initialize w(0)
j , λ(0), and c(0), j ∈ {1, 2}, and compute the initial log-likelihood:

L(0) =
1

n

n∑
i=1

log
(
w

(0)
1 fγIG

(
yi|λ(0)

)
+ w

(0)
2 fγIW

(
yi|c(0)

))
. (6)

2. E-step: Compute γ(m)
ij as given in Eq. (19) and n(m)

j =
∑n
i=1 γ

(m)
ij .

3. M-step: Compute the new estimate for w(m+1)
j , λ(m+1), and c(m+1), j ∈ {1, 2} as given in Eqs. (20), and (21).

4. Convergence check: Compute the new log-likelihood function L(m+1).
Return to 2 if |L(m+1) − L(m)| ≥ δ for a preset threshold δ; Otherwise end the algorithm.

Algorithm 1. Mixture MLE Model EM Algorithm

4.2. Modeled interference distributions
The LOS and NLOS interference components are modeled
separately. For the LOS interference, we use the Gamma dis-
tribution and apply moment matching (MM) to estimate its
parameters. For the NLOS interference, we propose a dis-
tribution as a mixture of Inverse Gaussian (IG) and Inverse
Weibull (IW), and apply MLE to estimate its parameters. To
simplify the mixture distribution parameters estimation, how-
ever, we use MM first to estimate a part of these parameters
and then use MLE for the rest. We match the mean, µY = µn,
of the NLOS observed data set to that of each candidate distri-
bution [16, 17]. This matching results in the scale parameters
µ and b for the IG and IW distributions as

µ = µY , b =
µY

Γ(1− 1/c)
. (12)

Next, we replace these expressions into the log-likelihood
function for each candidate distribution, resulting in a single-
parameter log-likelihood functions as

log fγIG(y|λ) =
1

2
log λ − 1

2
log 2πy3 − λ

2µ2
Y

(y − µY )2

y
, (13)

log fγIW (y|c) = log
µcY c

Γ(1− 1/c)cy(c+1)
−
(

µY
Γ(1− 1/c)

)c
y−c,(14)

where Γ(t) is the Gamma function, λ and c are the shape
parameters of the IG and IW distribution.

5. LOS AND NLOS INTERFERENCE MODELS
5.1. LOS Interference Model
We note that the LOS probability function p(r) as in Eq. (3)
is a decreasing function of r, which means that only interfer-
ers in a limited area have significant contribution to the LOS
interference. This suggests that the LOS interference power
distribution has considerable components around 0. Hence,
we consider the Gamma distribution in modeling the LOS in-
terference power as

γG(D) =

{
0 with probability p0(D);
γ̃G(D) with probability 1− p0(D),

(15)

where p0(D) is the probability that the LOS interference
power is 0 and γ̃G(D) is a Gamma distribution with its pa-
rameters estimated using MLE or MM as in [18, 19] as

kG =
µ̃2
l (D)

ν̃l(D)
, θG =

ν̃l(D)

µ̃l(D)
, where (16)

µ̃l(D) =
µl(D)

1− p0(D)
, ν̃l(D) =

νl(D) + µ2
l (D)

1− p0(D)
− µ̃2

l (D). (17)

where µl and νl are the mean and variance of the distribution
to be fitted into a Gamma distribution.

5.2. NLOS Mixture Interference Model
The increasing NLOS probability function 1− p(r) suggests
that the NLOS interferers occupy an infinite area. This im-
plies that the NLOS interference components around 0 have
very low probability. Hence, we consider a heavy-tail dis-
tribution that is a weighted mixture of both the IG and IW
distributions. We can leverage MM to represent the mixture
model as a 3-parameter distribution as follows.

Theorem 1. Given a data set Y , the probability density func-
tion of the mixture interference model can be written as

fY (y|θ) = w1fγIG(y|λ) + w2fγIW (y|c), (18)

where {w1, w2 : w1 + w2 = 1} are the weight parame-
ters for mixing the IG and IW distributions and fγIG(y|λ)
and fγIW (y|c) are as given in Eqs. (13) and (14) with the
scale parameters obtained through moment matching first as
in (12). This mixture model is a 3-parameter distribution with
the parameter set as θ = {w1, λ, c}.

Given n observations yi, i ∈ {1, 2, ..., n}, we use the EM
algorithm developed in [9] to estimate the 3 parameters of this
mixture distribution. The algorithm is summarized in Alg. 1
with the responsibility function γ(m)

ij , representing our guess
at the mth iteration of the probability that the ith sample be-
longs to the jth distribution component, given as

γ
(m)
ij =

w
(m)
j φj(yi|θ(m)

j )∑2
l=1 w

(m)
l φl(yi|θ(m)

l )
, i ∈ {1, ..., n}, j ∈ {1, 2}(19)

where φ1(y|θ1) = fγIG(y|λ) and φ2(y|θ2) = fγIW (y|c); and
θ1 and θ2 represent the shape parameters λ and c. Then, the
optimal parameters θ∗ is found as in Theorem 2.

Theorem 2. The optimal new estimate of θ(m+1) of the mix-
ture distribution at the mth iteration are determined as

w
(m+1)
j =

n
(m)
j

n
, j ∈ {1, 2}, λ(m+1) =

n
(m)
1 µ2

Y∑n
i=1 γ

(m)
i1

(yi−µY )2

yi

(20)

and c(m+1) is obtained by numerically solving the equation:

0 = n
(m)
2

[
log

µY

Γ(1− 1
c
)

+
1

c

[
1− ψ

(
1− 1

c

)]]
−

n∑
i=1

γ
(m)
i2 log yi

+

 µY

Γ
(

1− 1
c

)
c n∑

i=1

γ
(m)
i2 y−ci

[
log

yiΓ(1− 1
c
)

µY
+
ψ(1− 1

c
)

c

]
(21)
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75 m, (Pmax = 30 dBm).

where n(m)
j =

∑n
i=1 γ

(m)
ij .

Proof. Omitted due to space, see [9] for details.

6. NUMERICAL PERFORMANCE RESULTS

In this section, we use simulation data obtained from the
stochastic geometry based network setting in Sec. 2.1 to
numerically verify the validity of the proposed interference
models. We consider a typical cell of radius R0 = 150 m,
which is related to λ1 as λ1 = 0.25R−2

0 . We use a fixed value
of the path loss intercept βl = βn = −72.3 dB.

We first verify the LOS Gamma distribution interference
models. In Fig. 1, we show a sample LOS interference power
distribution at one antenna element of a UE located at D =
75m from the origin for αl = 3.5 and σl = 4 dB. We note
that the Gamma MM starts to diverge away from the simula-
tion data at this value of αl as confirmed in Fig. 2 by plotting
the relative entropy [20] versus σl and αl. The Gamma MLE
model, on the other hand, provides a very good fit with simu-
lation data with low KL distances.

Next, we compare the NLOS mixture distribution interfer-
ence model to the Gamma distribution fitted to the simulation
data using MLE. We visually confirm from the sample PDF
plot in Fig. 3 at αn = 3.5 and σn = 4 dB that the Gamma
MLE can no longer approximate the interference power dis-
tribution for NLOS components. Instead, the mixture distri-
bution NLOS interference model provides a perfect fit to the
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simulation data.
In Fig. 4, we plot the relative entropy of the LOS Gamma

MLE and the NLOS mixture distribution interference models
at the sample values σl = σn = 4 dB and αl = αn = 3.5
versus the considered UE distance D from the origin. We
see that for both models, the relative entropy is reasonable
compared to a maximum possible KL distance of ∞. The
maximum KL distance is 0.488 at the cell edge for the LOS
Gamma MLE model and is below 0.02 for the NLOS mixture
model, suggesting excellent fits.

7. CONCLUSION

We have introduced a new probabilistic interference model
in which the LOS and NLOS interference powers are repre-
sented separately as a Gamma distribution and a mixture of
the Inverse Gaussian and Inverse Weibull distributions, re-
spectively. The information theoretic based relative entropy
(KL distance) metric is exploited to measure the relative dis-
tance between the developed interference models and the sim-
ulated data. Maximum likelihood estimation of the Gamma
distribution provides a much better fit than moment matching.
Further, the EM algorithm provides an excellent estimation of
the mixture model parameters resulting in the model having
a perfect fit irrespective of the receiving node location. As
a future work, we plan to verify the proposed model against
real measurement data.
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