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Highlights:

• A unified receiver-aware SLS chain integrates beamforming, CSI errors, and EESM.
• 3GPP InH_B calibration verifies the system-level implementation and link abstraction.
• IRC yields 42% higher cell throughput and over 160% higher 5th-percentile UE throughput.

Abstract: Accurate evaluation of radio access performance is essential for the design and optimization
of ultra-dense fifth-generation (5G) networks, where the interactions between multiple users, base
stations, and interference sources become highly complex. This paper proposes a comprehensive
System-Level Simulation (SLS) framework for assessing the performance of multi-user multiple-input
multiple-output (MIMO) systems in indoor hotspot environments, following the standardized 3rd
generation partnership project (3GPP) InH_B channel model. The proposed framework integrates realistic
network-level processes, including user equipment deployment, three-dimensional channel coefficient
generation, analog and digital beamforming, link adaptation, and block error rate prediction. Different
from conventional SLS studies that often decouple receiver processing, channel state information (CSI)
uncertainty, and link abstraction, the proposed framework provides a unified receiver-aware evaluation
chain calibrated against 3GPP Phase 2 results. Both Maximal Ratio Combining (MRC) and Interference
Rejection Combining (IRC) receivers are implemented to investigate the impact of imperfect CSI on
system performance. Extensive simulations demonstrate that the proposed framework provides close
agreement with the 3GPP Phase 2 calibration results, while enabling detailed receiver-level comparisons
under practical CSI conditions. When CSI errors are considered, the IRC receiver achieves approximately
42% higher average cell throughput and more than 160% improvement in 5% user throughput compared
to MRC, confirming its superior robustness to interference and channel estimation errors. The developed
framework serves as a practical reference platform for future research on intelligent beamforming,
adaptive MIMO receiver design, and machine learning-based link adaptation for beyond-5G and
sixth-generation (6G) systems.
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1. Introduction

The rapid growth of mobile data traffic and the stringent demands for high throughput, ultra-low latency,
and massive connectivity in fifth-generation (5G) and beyond networks have driven the adoption of
ultra-dense network (UDN) architectures [1–3]. In UDNs, a large number of small cells are densely
deployed to shorten the transmission distance between base stations (BSs) and user equipments (UEs),
thereby improving spectral efficiency and user experience [4,5]. By enabling aggressive spatial reuse,
UDNs can potentially deliver multi-gigabit data rates and consistent service quality even in complex
indoor environments. However, dense deployments also introduce strong inter-cell interference, irregular
traffic load distributions, and sensitivity to channel estimation errors, which collectively make performance
evaluation of UDNs a non-trivial task [6,7].

System-level simulation (SLS) tools have become indispensable for the design and optimization of
dense cellular networks since they are able to jointly capture physical-layer behavior and network-level
interactions [8,9]. Such simulations enable the study of user association, scheduling, beamforming,
interference coordination, and throughput aggregation in large-scale scenarios. Existing SLS platforms,
including Vienna 5G SLS, ns-3 with long-term evolution (LTE)/new radio (NR) modules, and several
proprietary frameworks, typically trade accuracy for scalability by assuming idealized conditions—such as
perfect channel state information (CSI), simplified antenna models, or neglecting link abstraction [10,11].
Consequently, there remains a gap between detailed link-level fidelity and full-scale network simulation
capability. Recent efforts, such as SeBaSi [12] and simulators for Integrated Access and Backhaul (IAB)
networks [13,14], have improved modularity and extensibility, but they rarely address realistic CSI
imperfections or the combined effect of analog beamforming and receiver algorithms in ultra-dense topologies.

Another line of research focuses on robust and hybrid analog/digital precoding techniques under
imperfect CSI conditions, particularly for massive multiple-input multiple-output (MIMO) and
millimeter-wave systems. For example, sub-connected hybrid architectures with successive interference
cancellation have been proposed to enhance energy efficiency [15], while probabilistic and learning-based
approaches have been applied to symbol-level precoding to mitigate CSI uncertainty [16]. Although these
approaches are promising, they typically focus on link-level analysis or small-scale multiuser MIMO
systems and do not extend to large-scale UDN environments that involve complex interference coupling
and heterogeneous deployments.

In ultra-dense indoor scenarios, the joint impact of analog beamforming, receiver interference
suppression (e.g., Maximal Ratio Combining (MRC) [17,18] and Interference Rejection Combining
(IRC) [19]), and CSI errors has not been systematically analyzed within a unified system-level
evaluation platform. To bridge this gap, this paper develops a comprehensive SLS framework that
integrates realistic 3rd generation partnership project (3GPP) channel modeling, BS–UE association,
analog precoding, interference-aware receivers, and link abstraction using Exponential Effective SNR
Mapping (EESM). The proposed framework is aligned with [20] and [21] recommendations, providing
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a balance between simulation accuracy and computational scalability. The novelty of this work lies in
developing a calibrated receiver-aware SLS framework that jointly connects 3GPP InH_B channel generation,
panel-based antenna modeling, discrete Fourier transform (DFT)/sounding reference signal (SRS)-based
beam selection, CSI-error modeling, MRC/IRC receiver processing, dominant-interferer approximation,
and EESM-based block error rate (BLER)/throughput prediction. This unified treatment distinguishes
the proposed platform from conventional SLS tools that often simplify receiver processing or CSI
uncertainty, and from link-level studies that do not capture dense multi-cell interference and network-level
performance aggregation.

The main contributions of this paper are summarized as follows:
• We develop a modular receiver-aware SLS framework for ultra-dense indoor 5G MIMO networks,

integrating 3GPP InH_B channel generation, panel-based antenna modeling, DFT-based analog
precoding, SRS-assisted beam-pair selection, EESM-based link adaptation, and BLER-driven
throughput evaluation into a unified simulation chain.
• We incorporate a practical CSI-error model and a dominant-interferer approximation into the SLS

framework, enabling scalable yet realistic evaluation of interference-limited dense deployments. The
framework explicitly captures the impact of CSI uncertainty on signal-to-interference-plus-noise
ratio (SINR), spectral efficiency, BLER, and throughput.
• We provide a calibrated receiver-level comparison between MRC and IRC under both perfect and

imperfect CSI conditions. The proposed simulator is validated against 3GPP Phase-2 calibration
results and further used to quantify the robustness of IRC in terms of average throughput and 5%
cell-edge user performance.

The remainder of this paper is organized as follows. Section 2 describes the architecture and modules
of the proposed SLS platform. Section 3 presents the simulation setup and performance analysis under
both perfect and imperfect CSI conditions. Finally, Section 4 concludes the paper and outlines future
research directions toward intelligent beamforming and learning-assisted link adaptation for ultra-dense
sixth-generation (6G) networks.

2. System model and simulation framework

This section describes the overall architecture and modeling flow of the proposed SLS platform developed
for ultra-dense 5G networks. The proposed SLS framework is organized into a sequence of functional
modules, each representing a specific stage of the end-to-end simulation chain. First, the overall network
layout, antenna configuration, and deployment assumptions are introduced, together with the structural
organization of the SLS platform (Sections 2.1, 2.2). Next, the initialization and run-time simulation
phases are detailed to explain how the framework generates network topology, schedules simulation
drops, and performs per-transmission time interval (TTI) processing (Sections 2.3, 2.4). After that,
the UE placement, association with serving BSs, and large-scale propagation modeling, including
distance computation, path loss, and line-of-sight (LoS) probability under the 3GPP InH_B scenario,
are presented (Sections 2.5, 2.6). Subsequently, the small-scale fading model and channel-coefficient
generation are described, followed by the analog precoding, SRS-based beam-pair selection, and receiver
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combining mechanisms (Sections 2.7–2.10). Finally, link adaptation, BLER estimation, and throughput
computation are explained, forming the performance evaluation layer of the SLS simulation process
(Sections 2.11, 2.12). This modular design ensures a clear separation between physical-layer modeling,
beamforming, and link adaptation processes, facilitating scalable system-level evaluations for ultra-dense
5G and beyond-5G networks.

2.1. Network layout

The simulation adopts the Indoor Hotspot enhanced Mobile Broadband (eMBB) environment, corresponding
to Configuration B in [20]. The layout consists of a single floor of a building with a height of 3 m and an
area of 120 m × 50 m. A total of 12 BSs sites are uniformly deployed with an inter-site distance of 20 m,
as illustrated in Figure 1. Each BS is equipped with NBS antenna ports following a panel-based antenna
configuration, as illustrated in Figure 2.
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Figure 1. Indoor Hotspot-eMBB network layout: a single-floor building (120 m× 50 m)
with 12 BS sites spaced by 20 m.
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For compact notation, let q ∈ {BS,UE} denote either the BS or UE side. The antenna array of
node q consists of NH

q,pan×NV
q,pan panels arranged in the horizontal and vertical directions, respectively.

Each panel contains NH
q,el×NV

q,el antenna elements, where NH
q,el and NV

q,el denote the numbers of elements
per panel in the horizontal and vertical dimensions, respectively. Each antenna element supports Pq

polarization ports. Therefore, the total number of antenna ports at node q is

Nq = NH
q,panNV

q,panNH
q,elN

V
q,elPq. (1)

Accordingly, NBS and NUE denote the total numbers of antenna ports at the BS and UE, respectively. A
total of 120 UEs are uniformly distributed over the simulation floor area.

Internal walls are not geometrically modeled. Instead, the LoS probability of each BS–UE pair
is determined stochastically using the indoor channel formulation provided in [20]. This probabilistic
LoS model effectively captures the shadowing and obstruction characteristics of typical indoor office
environments. The network operates without wrap-around boundaries, and the heights of BS and UE
antennas are denoted as hBS and hUE, respectively.

2.2. SLS structure

The overall operation of the proposed SLS platform is organized into three main stages: parameter
configuration, initialization, and simulation and performance evaluation. At the beginning of each
simulation run, the parameter configuration block loads all system parameters, including carrier frequency,
bandwidth, number of BSs and UEs, antenna settings, and channel models. After configuration, the
simulator executes a series of independent drops, each corresponding to a different random deployment of
UEs within the specified environment.

For each drop, the initialization phase configures the channel conditions and network associations.
The following steps are performed sequentially:

(1) Generate large-scale and small-scale parameters between every UE–BS pair.
(2) Assign each UE to the BS providing the maximum reference signal received power (RSRP).
(3) Select an optimal DFT-based beam pair that maximizes the received signal power.
(4) Enable either MRC or IRC with optional CSI error modeling.
The simulation phase then iterates over multiple TTIs. For each TTI, scheduling, transmission, and

channel updates are executed. The SINR, spectral efficiency, and BLER are computed using EESM to
approximate link-level behavior. After completing all TTIs, throughput and user statistics are collected to
derive the cumulative distribution functions (CDFs) of SINR and spectral efficiency (SE).

2.3. Initialization phase

The initialization phase prepares the simulation environment before each network realization (drop). Its
main purpose is to configure user positions, establish channel parameters, and compute the propagation
coefficients between all UEs and BSs. The process involves the following functional blocks:

(1) Randomly generate the spatial locations of UEs within the simulation area using Algorithm 1.
Each UE is associated with the BS that provides the maximum RSRP.

(2) Initialize all propagation links between BSs and UEs, including antenna configurations, carrier
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frequency fc, and channel bandwidth B.
(3) Compute and assign large-scale parameters such as path-loss, shadow fading, delay spread, and

angle spreads according to the channel model in [20].
(4) Generate small-scale parameters, including multipath components, cluster powers Pn, and delays

based on the stochastic channel realization.
(5) Combine large-scale and small-scale components to compute the complete complex channel

coefficient matrix Hn,i[k, t] for each UE i and BS n in subcarrier frequency fk and time slot t.
The output of this phase is a fully parameterized channel model that captures both large-scale and

small-scale fading characteristics, enabling realistic evaluation of multi-cell interference and spatial
correlation effects. The resulting coefficients are then used in the subsequent simulation phase for analog
precoding, signal reception, and performance evaluation.

Algorithm 1 UE Drop and UE–BS Association
Input: UE0, . . . ,UE119, BS0, . . . ,BS11

1 iMS← 0;
2 ni← 0, i = 1, . . . ,12;
3 while iMS < 120 do
4 Randomly drop UEiMS on the simulation floor;
5 for iBS← 1 to 12 do
6 Compute distance diBS,iMS ;
7 Compute PL and SL using the large-scale model;
8 Compute antenna gains Gn and Gi;
9 Evaluate RSRPiBS using Equation (4);

10 end
11 i∗BS← argmaxi RSRPi;
12 if ni∗BS

< 10 then
13 Assign UEiMS to BSi∗BS

;

14 ni∗BS
← ni∗BS

+1;

15 iMS← iMS +1;

16 end
17 end

2.4. Simulation phase

The simulation phase models the dynamic transmission and reception process across multiple TTIs.
It executes sequentially after the initialization phase to capture temporal channel evolution, resource
allocation, and signal processing at both transmitter and receiver ends. The phase consists of the following
key modules:

(1) Update the MIMO channel coefficients over time according to user mobility and small-scale
fading dynamics. Temporal correlation is modeled using the Doppler spectrum associated with
the carrier frequency.

(2) Allocate radio resources to users using a Round-Robin scheduler [22]. The modular structure
allows easy replacement with proportional-fair [23,24] or channel quality indicator (CQI)-based
schedulers [25] for future studies.
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(3) Perform downlink (DL) beam selection using a DFT-based analog precoder [26]. The beam pair
that maximizes the received signal power is selected among the predefined codebook.

(4) Each UE applies receive beamforming and combines signals using either MRC or IRC. CSI
errors are modeled as additive perturbations to the estimated channel matrices.

(5) Compute key performance indicators such as instantaneous SINR, throughput, and spectral
efficiency (SE) at every TTI.

To reduce computational complexity while preserving the dominant spatial interference structure,
the proposed SLS platform explicitly generates small-scale MIMO channels only for the four strongest
interfering BSs of each scheduled UE. These interferers are selected according to their large-scale
received powers, including path loss, shadowing, and antenna gains. The remaining interfering BSs are
represented by their average large-scale interference powers. This hybrid approach is commonly adopted
in 3GPP-style link-to-system evaluations, where dominant interferers are modeled explicitly and weak
residual interference is statistically averaged. It is effective because the strongest few interferers dominate
the instantaneous interference covariance and post-combining SINR, whereas far or weak interferers
mainly contribute to the average interference floor over multiple drops and TTIs.

Let Di(t) denote the set of dominant interfering BSs for UE i at TTI t, with |Di(t)|= 4. The total
interference power on resource block (RB) r is then approximated as

Ii,r[t] = ∑
m∈Di(t)

Pm
⃓⃓
wH

i Hm,i[r, t]fm
⃓⃓2
+ ∑

m/∈Di(t),m̸=n⋆i

Īm,i, (2)

where n⋆i is the serving BS of UE i, Pm is the transmit power of interfering BS m, and Īm,i denotes
the average large-scale interference power from BS m to UE i. The first term captures instantaneous
small-scale interference from the dominant interferers, while the second term accounts for the residual
interference contributed by weaker cells.

The residual large-scale interference term is computed as

Īm,i = PmGmGi10−PLm,i/10, (3)

where Gm and Gi are the corresponding BS and UE antenna gains, and PLm,i includes path loss and
shadow fading.

2.5. UE drop and UE–BS association

In each simulation drop, UEs are randomly distributed within the simulation area, and each UE is
associated with the BS that provides the maximum RSRP. This procedure determines the cell assignment
under large-scale channel conditions and ensures realistic load balancing among BSs. The process is
summarized in Algorithm 1. The RSRP achieved by UE i when associated with BS n is computed as

RSRPn,i = Pn +Gn +Gi−PLn,i, (4)

where Pn is the transmit power of BS n, Gn and Gi are the BS and UE antenna gains, and PLn,i denotes
the total path-loss including log-normal shadow fading. We denote n∗i as the index representing UE i

associated with BS n with maximum RSRP. Then, n∗i is determined as follows:
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n∗i = arg max
n∈{1,...,12}

RSRPn,i. (5)

The UE–BS association is stored for subsequent small-scale channel generation and link-level simulation.

2.6. Large-scale modeling: distance, path-loss, and LoS probability (InH_B)

Figure 3 shows the three-dimensional (3D) distance for each BS–UE pair (n, i), which is determined
according to the InH definition as follows:

d(n,i)
3D = d(n,i)

3D-out +d(n,i)
3D-in =

√︂(︁
d(n,i)

2D-out +d(n,i)
2D-in

)︁2
+
(︁
hBS−hUE

)︁2
. (6)

Here, d2D-out and d2D-in denote the horizontal outdoor and indoor traversed distances, respectively, while
hBS and hUE are the BS and UE antenna heights, respectively.

hBS

hUE

d2D-out d2D-in

Figure 3. Geometry of the indoor hotspot (InH_B) link showing outdoor and indoor
2D components and antenna heights of BS and UE.

The large-scale path-loss for the Indoor Hotspot Configuration B (denoted InH_B) is evaluated for
both LoS and non-line-of-sight (NLoS), which are expressed as follows:

PL(n,i)
LoS ( fc,d3D) = FSPL( fc,1m)+10nInH_B

LoS log10
(︁
d(n,i)

3D
)︁
+χ

InH_B
σ ,LoS , (7)

PL(n,i)
NLoS( fc,d3D) = FSPL( fc,1m)+10nInH_B

NLoS log10
(︁
d(n,i)

3D
)︁
+∆

InH_B
NLoS +χ

InH_B
σ ,NLoS, (8)

where FSPL( fc,1m) = 32.4+ 20log10( fc) is the free-space loss at 1 m, fc is the carrier frequency in
GHz, nInH_B

LoS/NLoS are the environment-dependent path-loss exponents, ∆
InH_B
NLoS is the NLoS offset, and

χ
InH_B
σ ,· ∼N (0,(σ InH_B

· )2) captures log-normal shadow fading of either LoS or NLoS path.
For the Indoor Hotspot (InH_x) channel model, the probability that a link between BS n and UE i is

LoS depends on the two-dimensional distance d(n,i)
2D between them. According to [20], the LoS probability

is expressed as
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pInH
LoS(d2D) =

⎧⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎩

1,d2D ≤ 5 m,

exp
(︃
−d2D−5

70.8

)︃
,5 m < d2D ≤ 49 m,

0.54× exp
(︃
−d2D−49

211.7

)︃
,d2D > 49 m.

(9)

This piecewise exponential model captures the transition from full LoS conditions at short distances
to probabilistic LoS for longer separations typical indoor environments. For each BS–UE pair, a random
Bernoulli trial with success probability pInH

LoS(d2D) determines whether the link follows the LoS or NLoS
path-loss model described in Equations (7) and (8). The resulting large-scale attenuation is then expressed
compactly as

PLn,i =

⎧⎨⎩PL(n,i)
LoS ( fc,d

(n,i)
3D ), if LoS,

PL(n,i)
NLoS( fc,d

(n,i)
3D ), if NLoS.

(10)

2.7. Channel-coefficient generation

Each channel realization between BS n and UE i is represented by the complex MIMO channel matrix

Hn,i[k, t] ∈ CNUE×NBS, (11)

where NBS and NUE denote the total numbers of antenna ports at the BS and UE, respectively, as
defined in Equation (1). The channel matrix is constructed as the superposition of L scattering clusters,
each containing Nℓ sub-rays. Let u ∈ {1, . . . ,NBS} and s ∈ {1, . . . ,NUE} denote the BS-side transmit
antenna-port index and the UE-side receive antenna-port index, respectively.

2.7.1. Cluster mean angles and sub-ray offsets

Let ℓ∈{1, . . . ,L} denote the scattering clusters generated within each BS–UE link (n, i) at the channel
level. Each cluster ℓ is composed of Nℓ sub-rays indexed by r∈{1, . . . ,Nℓ}, which represent small angular
variations around the cluster’s mean direction. For cluster ℓ, the mean azimuth and zenith angles of
departure and arrival are denoted by AODℓ, AOAℓ, ZODℓ, and ZOAℓ. These quantities represent the
central angles of the cluster relative to the BS and UE antenna boresights and are drawn from distributions
defined by the angular spreads of σASD, σASA, σZSD, and σZSA. Then, we have AODℓ ∼ U (0,2π),
AOAℓ ∼U (0,2π), ZODℓ ∼N (π/4,(σZSD)

2), and ZOAℓ ∼N (π/4,(σZSA)
2).

The azimuth and elevation angles of each sub-ray (ℓ,r) are determined by

φ
AOD
ℓ,r = AODℓ+σASD∆θℓ,r, (12)

φ
AOA
ℓ,r = AOAℓ+σASA∆θℓ,r, (13)

θ
ZOD
ℓ,r = ZODℓ+

3
8 10µZSD∆θℓ,r, (14)

θ
ZOA
ℓ,r = ZOAℓ+σZSA∆θℓ,r, (15)

where µZSD = log10(σZSD) and ∆θℓ,r are per–sub-ray offsets.
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2.7.2. Direction vectors and array responses

The unit direction vectors in the global coordinate system (GCS) are

rBS(ℓ,r) =

⎡⎢⎣sinθ ZOD
ℓ,r cosφ AOD

ℓ,r

sinθ ZOD
ℓ,r sinφ AOD

ℓ,r

cosθ ZOD
ℓ,r

⎤⎥⎦ ,

rUE(ℓ,r) =

⎡⎢⎣sinθ ZOA
ℓ,r cosφ AOA

ℓ,r

sinθ ZOA
ℓ,r sinφ AOA

ℓ,r

cosθ ZOA
ℓ,r

⎤⎥⎦ . (16)

Let λ denote the carrier wavelength. For a uniform planar array (UPA) architecture, the transmit and
receive arrays are defined on a rectangular grid along the x– and y–axes with inter-element spacing
d = λ/2. For the spatial array geometry, we define the effective horizontal and vertical spatial dimensions
of node q as

NH
q = NH

q,panNH
q,el, NV

q = NV
q,panNV

q,el, (17)

where q ∈ {BS,UE}. Thus, NH
q and NV

q represent the total numbers of spatial antenna locations along the
horizontal and vertical dimensions, respectively, excluding polarization duplication. The total number of
antenna ports is then Nq = PqNH

q NV
q . The element-position matrices WBS ∈ R3×NBS and WUE ∈ R3×NUE

contain the Cartesian coordinates of the antenna ports. For dual-polarized elements, two polarization ports
share the same spatial location but are treated as separate antenna ports in the MIMO channel matrix.

The array steering (response) vectors are defined as

aBS(ℓ,r) = exp
(︂

j 2π

λ
W⊤

BSrBS(ℓ,r)
)︂
, (18)

aUE(ℓ,r) = exp
(︂

j 2π

λ
W⊤

UErUE(ℓ,r)
)︂
, (19)

where rBS(ℓ,r) and rUE(ℓ,r) are the unit direction vectors of sub-ray (ℓ,r) defined in Equation (16). Each
element of aBS(ℓ,r) or aUE(ℓ,r) represents the relative phase across the array due to the arriving (or
departing) wavefront at direction (φ ,θ). Let (m,n) and (p,q) denote the horizontal and vertical indices
of antenna elements on the BS and UE grids, respectively. Each column of WBS (or WUE) specifies the
(x,y,z) coordinates of a single antenna element relative to the array reference point, expressed in meters.
The three-dimensional element-location matrices are then defined as

WBS =

⎡⎢⎢⎣
x1,1 x2,1 · · · xNH

BS,N
V
BS

y1,1 y2,1 · · · yNH
BS,N

V
BS

z1,1 z2,1 · · · zNH
BS,N

V
BS

⎤⎥⎥⎦= [md,nd,0]T(m,n)∈[0,NH
BS−1]×[0,NV

BS−1] , (20)

WUE =

⎡⎢⎢⎣
x1,1 x2,1 · · · xNH

UE,N
V
UE

y1,1 y2,1 · · · yNH
UE,N

V
UE

z1,1 z2,1 · · · zNH
UE,N

V
UE

⎤⎥⎥⎦= [pd,qd,0]T(p,q)∈[0,NH
UE−1]×[0,NV

UE−1] . (21)

The per-element complex gain between transmitter element u and receiver element s is

10



Adv. Inf. Commun. Article

gs,u(ℓ,r) = aUE(ℓ,r)saBS(ℓ,r)∗u. (22)

2.7.3. Antenna patterns and polarization

For InH_B, ceiling-mounted BS and UE antenna patterns are used, each clipped at 25 dB. The vertical
and horizontal pattern attenuations (in dB) are

FdB
BS,v(ℓ,r) =−min

{︄
12
(︃

θ ZOD
ℓ,r −180◦

90◦

)︃2

,25

}︄
, (23)

FdB
BS,h(ℓ,r) =−min

{︄
12
(︃

φ AOD
ℓ,r
90◦

)︃2

,25

}︄
, (24)

FdB
UE,v(ℓ,r) =−min

{︄
12
(︃

θ ZOA
ℓ,r −90◦

90◦

)︃2

,25

}︄
, (25)

FdB
UE,h(ℓ,r) =−min

{︄
12
(︃

φ AOA
ℓ,r
90◦

)︃2

,25

}︄
. (26)

The corresponding polarization power terms are

Gpq(ℓ,r) = 10−
FdB

UE,p(ℓ,r)+FdB
BS,q(ℓ,r)

10 , p,q ∈ {v,h}. (27)

The cross-polarization power ratio (XPR) defines the leakage between orthogonal polarization components
and is drawn from N (9,32) dB. With independent random phases {ϕvv,ϕvh,ϕhv,ϕhh}∼U [0,2π), the
per-ray polarization gain is

A(ℓ,r) =Gvve jϕvv +Ghhe jϕhh +
√︂

1
XPR

(︂
Gvhe jϕvh +Ghve jϕhv

)︂
. (28)

2.7.4. Doppler frequency

For each sub-ray (ℓ,r), the Doppler shift is

fD(ℓ,r) =
r⊤UE(ℓ,r)v

λ
, (29)

where

v = [vsinθ
ZOA cosφ

AOA, vsinθ
ZOA sinφ

AOA, vcosθ
ZOA]⊤. (30)

2.7.5. Time-domain and frequency-domain channel coefficients

Let Pℓ be the normalized cluster power and Nℓ the number of sub-rays per cluster. The diffuse (NLoS)
component between TX antenna u and RX antenna s is

hNLoS
s,u (ℓ, t) =

√︂
Pℓ
Nℓ

Nℓ

∑
r=1

A(ℓ,r)gs,u(ℓ,r)e j2π fD(ℓ,r)t . (31)

For LoS links with Rician factor Klin = 10KdB/10, the total power is divided between the specular and
diffuse parts as

√︂
Klin

Klin+1 and
√︂

1
Klin+1 , respectively. The LoS component (for ℓ= 0) is

11
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hLoS
s,u (0, t) =

√︂
Klin

Klin+1

(︂
Gvv(0)e jϕvv +Ghh(0)e jϕhh

)︂
×gs,u(0,LoS)e j2π fD(0)t , (32)

where Gvv(0), Ghh(0), and fD(0) are polarization powers and the Doppler shift of the LoS path, respectively.
Finally, the composite baseband channel impulse response and the per-subcarrier frequency-domain
response are

h(n,i)s,u (t,τ) = ∑
ℓ

(︂√︂
1

Klin+1 hNLoS
s,u (ℓ, t)+1{ℓ=0} hLoS

s,u (0, t)
)︂

δ (τ− τℓ), (33)

H(n,i)
s,u [k, t] = ∑

ℓ

(︂√︂
1

Klin+1 hNLoS
s,u (ℓ, t)+1{ℓ=0} hLoS

s,u (0, t)
)︂

e− j2π fkτℓ, (34)

where τℓ denotes the delay of cluster ℓ and fk the subcarrier frequency. The complete MIMO channel
matrix Hn,i[k, t] is then assembled by stacking H(n,i)

s,u [k, t] across all antenna elements.

2.8. Analog precoding generation

To reduce hardware complexity while maintaining high beamforming gain, the proposed SLS framework
employs analog beamforming based on DFT codebooks. At each transmission time interval, the analog
beam pair that maximizes the received signal power is selected from a predefined DFT beam set. This
approach provides near-optimal directional gain with low computational cost, making it suitable for
large-scale ultra-dense network evaluations.

2.8.1. DFT beamforming vectors

For the BS UPA, the horizontal and vertical spatial dimensions are NH
BS and NV

BS, respectively. The vertical
and horizontal DFT beamforming vectors are defined as

wV(θa) =
1√︂
NV

BS

[︂
1,e jθa, . . . ,e j(NV

BS−1)θa
]︂T

,

θa =
π

NV
BS

(︃
a− 1

2

)︃
, a = 1, . . . ,NV

BS, (35)

wH(ψb) =
1√︂
NH

BS

[︂
1,e jψb, . . . ,e j(NH

BS−1)ψb
]︂T

,

ψb =
π

NH
BS

(︃
b− 1

2

)︃
, b = 1, . . . ,NH

BS. (36)

The two-dimensional DFT beam is then constructed as

wDFT(θa,ψb) = wV(θa)⊗wH(ψb), (37)

where ⊗ denotes the Kronecker product. This structure forms a separable beam pattern across both
azimuth and elevation directions.

12
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2.8.2. DFT-based codebook construction

To avoid ambiguity between the number of antenna ports and the number of spatial beams, we construct
the DFT codebooks using the spatial array dimensions defined in Equation (17). For node q ∈ {BS,UE},
let NH

q and NV
q denote the total numbers of spatial antenna locations in the horizontal and vertical

dimensions, respectively, excluding polarization duplication. The number of DFT beam directions at node
q is therefore

Nbeam
q = NH

q NV
q . (38)

For each vertical index a = 1, . . . ,NV
q and horizontal index b = 1, . . . ,NH

q , the one-dimensional DFT
phase samples are defined as

θq,a =
π

NV
q

(︃
a− 1

2

)︃
, ψq,b =

π

NH
q

(︃
b− 1

2

)︃
. (39)

The corresponding vertical and horizontal steering vectors are

vV
q (θq,a) =

1√︂
NV

q

[︂
1,e jθq,a , . . . ,e j(NV

q −1)θq,a
]︂T

, (40)

vH
q (ψq,b) =

1√︂
NH

q

[︂
1,e jψq,b , . . . ,e j(NH

q −1)ψq,b
]︂T

. (41)

The two-dimensional spatial DFT beam is then obtained by the Kronecker product

˜︁cq(a,b) = vV
q (θq,a)⊗vH

q (ψq,b), (42)

where ˜︁cq(a,b) ∈ CNV
q NH

q is the spatial beam vector before polarization expansion.
For dual-polarized arrays, the same spatial direction is applied across polarization ports. Thus, the

antenna-port-domain beam vector is written as

cq(a,b) =
1√︁
Pq

1Pq⊗˜︁cq(a,b), (43)

where Pq is the number of polarization ports and cq(a,b) ∈ CNq with Nq = PqNH
q NV

q .
For compact indexing, the beam corresponding to (a,b) is mapped to a single index

ζq(a,b) = (a−1)NH
q +b, ζq = 1, . . . ,Nbeam

q . (44)

The BS DL codebook and UE uplink (UL) codebook are then respectively defined as

FDL =

{︃
f(1)DFT, . . . , f

(Nbeam
BS )

DFT

}︃
, f(ζBS)

DFT = cBS(a,b), (45)

WUL =

{︃
w(1)

DFT, . . . ,w
(Nbeam

UE )
DFT

}︃
, w(ζUE)

DFT = cUE(a,b). (46)

Here, FDL is used for BS-side DL analog precoding, whereas WUL is used for UE-side UL SRS precoding
or receive beam selection. This notation separates the total number of antenna ports, NBS and NUE, from
the number of spatial beams, Nbeam

BS and Nbeam
UE .

13
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2.9. SRS-based precoding and beam-pair selection

Following the generation of the per-link MIMO channel matrices Hn,i[k, t] in the previous subsection,
the SRS-based beam selection stage operates on the effective channel between each BS–UE pair (n, i) at
time t. For notation simplicity, we denote this instantaneous channel as

Ht ≜ Hn,i[kc, t],

where kc represents the center subcarrier of the orthogonal frequency-division multiplexing band [27],
and Ht−τ is the channel at the previous transmission interval (used for SRS feedback). This convention
allows compact expressions without loss of generality since the SLS simulator is able to track Hn,i[k, t]

for all BS–UE links.
The analog DFT codebooks generated in the previous subsection are used in the SRS-based beam-pair

selection process. Specifically, the UE selects an UL beam w ∈WUL, while the BS selects a DL beam
f ∈FDL. The codebook sizes are Nbeam

UE = NH
UENV

UE and Nbeam
BS = NH

BSNV
BS, respectively. The SRS-based

procedure then exploits these analog beams together with limited feedback to form a reciprocal beam-pair
mapping between UL and DL.
• Step 1—UL Precoder Selection at the UE: Each UE selects its UL precoding vector w from

the predefined UE-side DFT codebook WUL = {w(1)
DFT, . . . ,w

(Nbeam
UE )

DFT } to maximize the projected
channel gain based on the previous snapshot Ht−τ :

w = arg max
wi∈WUL

⃦⃦
wH

i Ht−τ

⃦⃦2
. (47)

• Step 2—UL SRS Transmission and Channel Estimation at the BS: The UE transmits a SRS using
the selected analog beam w. The BS correlates the received SRS against its receive codebook to
estimate the effective precoded channel,

Ĥt−τ = Ht−τw. (48)

In the proposed SLS platform, we assume perfect channel estimation (i.e., Ĥt−τ = Ht−τw), which
isolates the effect of beam selection from estimation errors.
• Step 3—DL Beam Selection at the BS: Using the estimated UL channel, the BS exploits reciprocity

to identify the optimal DL precoding beam f from its DFT-based codebook FDL that maximizes
the received power at the UE:

f = arg max
f j∈FDL

⃓⃓
wHHt−τ f j

⃓⃓2
. (49)

Thus, the analog beam f selected at the BS is the one that provides the largest effective channel
magnitude for the UE’s chosen UL beam w, forming a beam pair (w, f).
• Step 4—DL Transmission and Effective Channel: The BS transmits the DL data using the selected

analog precoder f (possibly combined with a digital baseband precoder in later stages). The
effective scalar channel between the BS and the UE during slot t is

heff(t) = wHHtf. (50)

14
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This equivalent channel gain incorporates both the spatial alignment achieved through the DFT
codebooks and the temporal correlation of the time-varying channel. The pair (w, f) thus represents
the best matched analog beams under the reciprocity assumption, and serves as the input to
subsequent link adaptation and BLER prediction stages.

2.10. Beamforming vector generation: MRC and IRC receivers

After selecting the UL–DL beam pair (w, f) through the SRS-based procedure, the receiver combines
multiple antenna signals to maximize the post-processing SINR. The proposed SLS platform implements
two linear combining strategies: (i) MRC, which coherently aligns with the desired channel; and (ii) IRC,
which additionally suppresses inter-cell and inter-user interference. Both are evaluated per link using the
instantaneous channel snapshot Ht .

2.10.1. Received signal model

For a given TTI and scheduled RB, the received baseband signal vector at UE i is modeled as

rt = Htfst + ∑
j∈Ii(t)

Ht, jf jst, j +nt , (51)

where Ht is the desired MIMO channel between the serving BS and UE i, f is the selected DL precoder,
and Ii(t) denotes the set of co-channel interfering transmissions affecting UE i at TTI t. The matrix Ht, j

and vector f j denote the corresponding channel and precoder of the jth interferer, respectively, while
nt ∼ C N (0,σ2

n I) is additive white Gaussian noise. The symbol st denotes the desired data symbol
transmitted to UE i, whereas st, j denotes the data symbol transmitted by the jth interfering BS or user. All
transmitted symbols are assumed to be zero-mean, mutually independent, and normalized to unit average
power, i.e.,

E{|st |2}= 1, E{|st, j|2}= 1, E{sts∗t, j}= 0, j ∈Ii(t). (52)

The symbols are drawn from the normalized modulation constellation associated with the MCS selected
by the link-adaptation module, such as QPSK, 16-QAM, 64-QAM, or 256-QAM. Since the receiver-side
SINR is computed before link abstraction, the exact modulation order affects the BLER and TBS mapping
in Section 2.11, but not the linear combining expressions in this subsection. The BS transmit power
is accounted for through the effective received signal and interference powers used in the SINR and
covariance computations.

2.10.2. Maximum Ratio Combining

The MRC (or matched-filter) receiver maximizes the coherent signal power by

wMRC =
Htf
∥Htf∥

. (53)

This choice maximizes |wH
MRCHt f|2 under the assumption of spatially white noise and uncorrelated

interference. The instantaneous post-combining SINR for MRC is
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γMRC[t] =
|wH

MRCHtf|2

wH
MRCRη ,twMRC

, (54)

where Rη,t =E[(it +nt)(it +nt)
H ] denotes the interference-plus-noise covariance matrix. In implementation,

Rη,t is formed from the explicitly generated small-scale channels of the four dominant interfering BSs, while
the residual interference from the remaining BSs is added as an average large-scale interference term. When
Rη,t = σ2

n I, the expression reduces to γMRC = ∥Htf∥2/σ2
n , making MRC optimal for noise-limited scenarios.

2.10.3. Interference rejection combining

When interference becomes dominant, the IRC receiver enhances robustness by whitening the
interference-plus-noise covariance before combining. The IRC beamforming vector is

wIRC =
R−1

η ,tHtf⃦⃦
R−1

η ,tHtf
⃦⃦ , (55)

leading to the effective post-processing SINR

γIRC[t] = (Htf)HR−1
η ,t(Htf). (56)

The IRC receiver thus generalizes MRC and reduces to it when Rη ,t = σ2
n I.

2.10.4. Integration in the SLS platform

Both combining vectors are updated at each TTI based on the instantaneous channel Ht and the estimated
covariance Rη ,t . The corresponding effective channel gain used for SINR and throughput evaluation is

heff[t] = wHHtf. (57)

These methods enable the proposed SLS to evaluate receiver performance under both noise-limited and
interference-limited conditions in ultra-dense network deployments.

2.11. Link adaptation and BLER prediction

The link adaptation module dynamically adjusts the modulation and coding scheme (MCS) based on
the reported CQI from each UE. In the proposed SLS platform, an EESM–based approach is adopted to
translate per–RB SINR values, derived from the effective channel output of MRC/IRC combining, into
an equivalent link-level performance metric [28,29]. The overall process is summarized in Figure 4 and
described as follows:
• Step 1—Effective SINR Computation: For each RB at TTI t, the instantaneous SINR of the UE,

γr[t], is derived from the effective channel heff[t] = wHHtf obtained in Equation (57). Depending
on the receiver type, either γMRC[t] or γIRC[t] is used, as defined in Equations (54) and (56). The
SINR, γr[t], implicitly captures the joint influence of the analog precoder f, receiver combiner w,
interference covariance Rη , and noise power Pn.
• Step 2—EESM Aggregation: The EESM method converts the set of per–RB SINRs {γr[t]} into a

single equivalent SINR that represents the overall link quality:

16



Adv. Inf. Commun. Article

γeff[t] =−βm ln

(︄
1

NRB

NRB

∑
r=1

exp
(︃
−γr[t]

βm

)︃)︄
, (58)

where NRB is the total number of RBs and βm is the EESM calibration parameter associated with
the selected MCS index m. In general, βm depends on the modulation order and coding rate,
and therefore different values may be used for QPSK, 16QAM, 64QAM, and 256QAM-based
MCS levels.

Compute the SINR for each RB

Compute the effective SINR based 

on EESM

Map the effective SINR to CQI

CQI   CQI + CQI_Offset

Map CQI to TBS 

Compute the effective SINR based 

on EESM

Map the effective SINR to a BLER

Randomly generate block errors 

based on the BLER

Adjust CQI_Offset

CQI-RS

CQI Report

Data transmission

ACK/NACK

Assume the perfect 

CSI in SLS

BS UE

Figure 4. EESM-based link adaptation and BLER prediction chain in the proposed
SLS platform.

In the present SLS implementation, a single effective calibration value βeff = 1.4 is used for all
active MCS levels. This value is treated as an aggregate EESM parameter calibrated over the MCS
range activated in the InH_B scenario, rather than as an individually optimized value for each
MCS. Equivalently, the implemented setting corresponds to

βm ≈ βeff = 1.4, ∀m ∈Mact, (59)

where Mact denotes the set of MCS levels selected during the simulation.
This simplification reduces the complexity of link abstraction and ensures that MRC and IRC
receivers are compared under the same CQI, MCS, and BLER mapping procedure. Nevertheless,
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because the optimal EESM parameter is MCS-dependent, the use of a single βeff may introduce
non-uniform BLER prediction accuracy across very low- and high-rate MCS levels. For example,
cell-edge users operating at low MCS and cell-center users operating at high MCS may experience
different levels of BLER fitting error. The impact of this approximation is partially mitigated by
the fact that the proposed study focuses on relative receiver-level comparison under identical link
abstraction settings. A per-MCS calibration table {βm} can be incorporated into the proposed
framework without changing the remaining SLS modules.
• Step 3—CQI Mapping and Reporting: The UE converts the effective SINR γeff[t] into a corresponding

CQI index using a predefined mapping table, γeff→CQI, defined for 5G NR MCS. CQI values
are reported to the BS with a delay of τ TTIs. To mitigate channel aging, the BS may apply a
correction offset CQIadj = CQI+∆CQI.
• Step 4—MCS and Transport Block Size (TBS) Selection: At the BS, the adjusted CQI determines

the selected MCS level and the corresponding TBS for DL transmission:

TBS = fTBS(CQIadj,NRB), (60)

where fTBS(·) follows the 3GPP NR lookup tables [30].
• Step 5—BLER Estimation and ACK/NACK Generation: At the receiver, the BLER corresponding

to γeff is estimated using an exponential model calibrated from link-level results:

BLER(γeff) =
1
2

exp
(︃
−γeff− γ0

κ

)︃
, (61)

where γ0 and κ are model parameters obtained from empirical fitting. Block errors are generated
probabilistically according to this BLER, and acknowledgment (ACK)/negative acknowledgment
(NACK) feedback is returned to complete the hybrid automatic repeat request loop [31].

This EESM-based link adaptation framework maintains consistency with the physical-layer channel
model and combining procedures described in the previous subsections, providing realistic estimation of
CQI, BLER, and throughput in ultra-dense 5G deployments while remaining computationally efficient for
large-scale simulations.

2.12. Computation of BLER and throughput

Following link adaptation and EESM-based BLER prediction, the proposed SLS platform evaluates the
actual BLER and user throughput through Monte Carlo–based random testing. For each transmitted
transport block, a uniformly distributed random variable urand ∼U (0,1) is generated and compared with
the predicted BLER value BLEREESM[t] = BLER(γeff[t]) obtained from Equation (61). The transmission
outcome is determined as

if urand > BLEREESM[t] : Ns← Ns +1,

else : Nc← Nc +1, (62)

where Ns and Nc denote the numbers of successfully decoded and failed transport blocks, respectively.
The empirical BLER is computed as
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BLERsim =
Nc

Ns +Nc
, (63)

representing the observed ratio of failed TBs over all transmitted ones.

2.12.1. User throughput

The instantaneous user throughput is then obtained as the sum of successfully received TBS normalized
by the total simulation time:

Tk =
∑

Tsim
t=1 TBSk,t · (1− ek,t)

Tsim TTTI
, (64)

where ek,t ∈{0,1} indicates block failure for UE k at time t (ek,t = 1 if the transmission fails), Tsim is the
total number of simulated TTIs, and TTTI denotes the TTI duration. The variable TBSk,t is determined
per-UE from the MCS level selected in Step 4 of link adaptation.

2.12.2. Cell throughput and spectral efficiency

The aggregate cell throughput is computed as the sum of all active UE throughputs,

Tcell =
NUE

∑
k=1

Tk, (65)

and the average per-user throughput is Tavg,UE = Tcell/NUE. The corresponding average SE is defined as

SEavg =
Tcell

B
, (66)

where B is the total system bandwidth. These metrics serve as key performance indicators (KPIs) for
evaluating the throughput, capacity, and spectral utilization efficiency of the proposed ultra-dense network
under both perfect and imperfect CSI conditions. The computed BLER, throughput, and spectral efficiency
values form the basis of the system-level performance evaluation presented in Section 3, where SINR
distributions, throughput CDFs, and CSI-error impacts for MRC and IRC receivers are analyzed.

3. Simulation environment and parameter configuration

To ensure comparability with standard 5G NR evaluations, the simulation parameters largely follow the
assumptions in [32], and the InH_B configuration defined in [20]. Tables 1 and 2 summarize the key
parameters used in the proposed SLS platform. The fixed value βeff = 1.4 is used consistently for all
receiver configurations; therefore, although absolute BLER values may contain MCS-dependent fitting
errors, the relative comparison between MRC and IRC is performed under identical link-abstraction
assumptions. These assumptions define the baseline environment for all subsequent evaluations, including
SINR distribution, BLER prediction, and throughput analysis. To improve the interpretability of the
CDF-based simulation results, the curves are compared using three main criteria. First, a rightward
shift of the CDF indicates an improvement in SINR or spectral efficiency. Second, the median point of
the CDF is used to characterize the typical-user performance. Third, the 5th-percentile point is used to
characterize cell-edge performance, which is particularly important in ultra-dense interference-limited
deployments. For throughput-related comparisons, the CDF observations are further supported by the
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numerical indicators in Tables 3 and 4, including average cell throughput, average UE throughput, average
UE SE, 5% UE throughput, 5% UE SE, and area throughput.

Table 1. General simulation parameters.

Parameter Values

Carrier frequency ( fc) 30 GHz
System bandwidth (B) 50 MHz
No. of RBs NRB 66
Network layout InH_B
Number of cells 12
Number of UEs per cell 10
BS antenna height (hBS) 3 m
UE antenna height (hUE) 1.5 m
BS transmit power (PBS,n) 23 dBm
BS antenna gain (Gn) 5 dBi
UE antenna gain (Gi) 5 dBi
Noise figure (BS/UE) 5/9 dB
Thermal noise level −174 dBm/Hz
No. of BS antenna ports NBS 64
No. of UE antenna ports NUE 32
(NH

BS,el,N
V
BS,el, NH

BS,pan,N
V
BS,pan,PBS) (8,4,1,1,2)

(NH
UE,el,N

V
UE,el, NH

UE,pan,N
V
UE,pan,PUE) (4,2,2,1,2)

BS spatial dimensions (NH
BS,N

V
BS) (8,4)

UE spatial dimensions (NH
UE,N

V
UE) (8,2)

Number of sub-rays each cluster (Nℓ) 20
No. of clusters (L) 19
Transmission time interval (TTTI) 1 ms
Delay (τ) 20 TTIs
EESM calibration parameter βeff = 1.4
BLER model parameters (γ0,κ) (1.2 dB, 1.5)
UE speed 3 km/h
CSI error σCSI ∈ [0,0.2]

Table 2. Channel and scheduler configuration.

Parameter Values

Channel model Indoor Hotspot
Traffic model Full buffer
Subcarrier spacing 60 kHz
Scheduler Round-Robin
Scheduling delay 5 ms
Inter-cell interference modeling Full small-scale MIMO channels for four strongest large-scale

interferers; average large-scale residual interference for others
Path-loss exponent (nInH_B) 1.73 (LoS), 2.36 (NLoS) [20]
Shadow fading std. dev. (σ InH_B) 3.0 dB (LoS), 8.0 dB (NLoS)
NLoS offset (∆InH_B

NLoS ) 17.0 dB
Cross-polarization ratio N (9,32) dB
Rician K-factor (KdB) N (9,52) dB
Angular spreads (σASD, σASA, σZSD, σZSA) (17◦, 22◦, 3◦, 7◦)
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Table 3. Performance summary of the proposed SLS platform under perfect CSI
conditions (InH_B scenario).

Parameters
MRC
receiver

IRC
receiver

Phase 2 calibration
average

Average cell throughput (Mbps) 152.98 192.03 140.37
Average UE throughput (Mbps) 15.30 19.20 14.04
Average UE SE (bps/Hz) 0.38 0.48 0.35
5% UE throughput (Mbps) 4.4 7.6 6.8
5% UE SE (bps/Hz) 0.11 0.19 0.17
Average throughput per area (Mbps/m2) 0.3060 0.3841 0.2807

Table 4. Summary of system-level results with CSI errors.

Parameters
Proposed MRC
receiver

Proposed IRC
receiver

Average cell throughput (Mbps) 83.22 117.94
Average UE throughput (Mbps) 8.32 11.79
Average UE SE (bps/Hz) 0.21 0.29
5% UE throughput (Mbps) 1.2 3.2
5% UE SE (bps/Hz) 0.03 0.08
Average throughput per area (Mbps/m2) 0.1664 0.2359

Figure 5 illustrates the outcome of the UE dropping and BS association procedure in the proposed
SLS framework for the InH_B scenario. Each square marker represents a BS, while circular markers
denote UEs randomly distributed over a 120 m× 50 m floor area. The color of each UE corresponds
to the received RSRP, where warmer colors indicate stronger signal levels. The association process
follows the maximum-RSRP criterion defined in [20], in which each UE is connected to the BS providing
the highest large-scale received power. As observed, users located near cell boundaries experience
weaker RSRP values (blue-to-cyan color range), while those closer to BSs achieve stronger links
(red-to-yellow tones). The resulting UE–BS association confirms that the proposed initialization phase
correctly implements spatial user deployment, distance-based path-loss, and probabilistic LoS modeling
consistent with standardized InH_B channel definitions.

To validate the developed SLS platform, the SINR CDF is compared with the reference results
reported by multiple vendors in [32] for the InH_B scenario. As shown in Figure 6, the proposed
simulator closely reproduces the statistical behavior of SINR observed in commercial-grade system-level
tools used by ZTE, Ericsson, Huawei, Nokia, Qualcomm, and others. The results confirm that the
proposed SLS implementation accurately follows the standardized channel, antenna, and interference
modeling defined in [20] and [21]. The median SINR obtained from the proposed framework differs by
less than 2 dB from the reference models, ensuring the reliability of subsequent performance evaluations.
The close match between the proposed SINR CDF and the 3GPP Phase-2 calibration curves also indicates
that the dominant-interferer approximation preserves the aggregate interference statistics sufficiently well
for system-level performance evaluation.
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Figure 5. Spatial distribution of UEs and BSs in the InH_B scenario. Squares represent
BSs, circles represent UEs, and the color map indicates the received signal power
used for UE–BS association.
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Figure 6. Validation of the proposed SLS platform: CDF of SINR in the InH_B scenario
compared with reference simulation results from 3GPP calibration participants [32].
The comparison is interpreted in terms of CDF alignment, median SINR deviation,
and overall distribution consistency.

To further benchmark the receiver performance, Figure 7 illustrates the CDF of user SE for the MRC
receiver under perfect CSI conditions. In this configuration, both the transmitter and receiver are assumed
to have full knowledge of the CSI, thereby eliminating estimation and quantization errors. In these CDF
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plots, the median SE is used as a typical-user indicator, while the 5th-percentile SE is used as a cell-edge
indicator. A rightward shift of the CDF therefore indicates improved spectral efficiency over a broad
range of users. The proposed architecture yields SE statistics that closely match those reported by major
3GPP calibration participants. Compared with the corresponding MRC case under imperfect CSI, the SE
distribution shifts rightward by approximately 0.1 bps/Hz at the median and achieves up to 20% gain in the
lower 5%-tile region. Although MRC does not actively suppress inter-cell interference, the improvement
demonstrates the importance of accurate CSI for coherent signal combining and reliable power aggregation
in dense indoor deployments. Overall, the results confirm that the implemented SLS framework and
receiver modules of the proposed architecture produce consistent behavior with standardized 3GPP
benchmarks, validating its suitability for evaluating advanced channel-aware algorithms in future work.

Proposed

UE Spectral Efficiency bps/Hz

C
D

F

IRC w/o CSI errors

MRC w/o CSI errors

Figure 7. CDF of user spectral efficiency in the InH_B scenario for the proposed
architecture using an MRC receiver with perfect CSI, compared with reference 3GPP
calibration results. The CDF is interpreted using the rightward curve shift, median
SE, and 5th-percentile SE as comparison criteria.

To establish a performance upper bound, Figure 8 shows the CDF of the user SE for the IRC receiver
under perfect CSI conditions. In this case, the CSI is assumed to be fully known at both transmitter and
receiver, eliminating estimation and feedback errors. The proposed SLS framework again aligns well with
the 3GPP calibration results from industrial participants, demonstrating high consistency across the entire
CDF range.
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Proposed

IRC w/o CSI errors

UE Spectral Efficiency bps/Hz
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Figure 8. CDF of user spectral efficiency in the InH_B scenario for the IRC receiver
with perfect CSI, compared with reference 3GPP calibration results. The median and
5th-percentile SE are used to assess typical-user and cell-edge performance, respectively.

Compared with the imperfect-CSI case in Figure 6, the median SE improves by approximately
0.1–0.2 bps/Hz, and the 5%-tile SE shows a noticeable gain of nearly 25%. This improvement originates
from accurate interference covariance estimation in the IRC filter, enabling more effective suppression of
inter-cell interference. The close overlap between the proposed model and the reference curves (e.g., from
Nokia, Ericsson, and Huawei) confirms the correctness of the implemented interference modeling and
receiver architecture.

Table 3 summarizes the key performance metrics obtained from the proposed SLS platform under
perfect CSI conditions. The results indicate that the IRC receiver consistently outperforms the MRC
receiver in all measured indicators. Compared with the 3GPP Phase 2 calibration average, the proposed
simulator achieves 9%–15% higher average cell throughput and comparable 5%-tile user throughput. The
alignment between the proposed and reference results confirms that the implemented InH_B channel,
receiver, and scheduling modules accurately reproduce standardized system-level performance trends.

In practical systems, the CSI obtained at the BS and UE is imperfect due to estimation errors,
quantization, and feedback delays. To avoid ambiguity, we use the normalized mean-squared error (NMSE)
as the primary CSI uncertainty metric throughout this paper. The imperfect CSI at time t is modeled as

Ĥt = Ht +σCSIEt , (67)

where Ht is the true instantaneous channel matrix, and Et is an independent random error matrix
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normalized such that E{∥Et∥2
F}= E{∥Ht∥2

F}. The CSI uncertainty level is then measured by

NMSECSI =
E
[︁
∥Ĥt−Ht∥2

F
]︁

E
[︁
∥Ht∥2

F
]︁ = σ

2
CSI. (68)

Under this normalization, the equivalent channel correlation coefficient between the true and estimated
channels is

ρCSI =
E
[︁
⟨Ht ,Ĥt⟩F

]︁√︂
E{∥Ht∥2

F}E{∥Ĥt∥2
F}

=
1√︂

1+σ2
CSI

, (69)

where ⟨A,B⟩F = tr(AHB) denotes the Frobenius inner product. Thus, ρCSI is not treated as an independent
parameter, but as an equivalent representation of the same CSI uncertainty level. During simulation, σCSI

is varied between 0 and 0.2, where σCSI = 0 corresponds to perfect CSI. All precoder selections and
SINR evaluations are performed using Ĥt when imperfect CSI is considered.

Figure 9 depicts the CDF of user SE for the proposed SLS architecture using the MRC receiver under
imperfect CSI conditions. In this case, the estimated channel is generated according to Equation (67)
with σCSI > 0, corresponding to NMSECSI = σ 2

CSI. Equivalently, the associated channel correlation
coefficient is given by Equation (69), and is therefore not an independent simulation parameter. As
shown in the figure, the spectral efficiency of the MRC receiver degrades noticeably compared to the
perfect-CSI case due to non-coherent signal combining and residual interference. At the median, the
SE drops from approximately 0.38 bps/Hz to 0.32 bps/Hz, while the 5%-tile users experience up to a
25% reduction, illustrating the high sensitivity of MRC to CSI mismatch. Despite this degradation, the
proposed SLS results remain consistent with 3GPP Phase 2 calibration datasets, such as those reported by
Nokia, Ericsson, and Huawei, validating the correct implementation of the CSI error model and MRC
receiver within the developed framework.

Figure 10 illustrates the CDF of user SE for the proposed SLS architecture when the IRC receiver
operates under imperfect CSI conditions. The CSI inaccuracy is modeled using the same NMSE-based
error formulation in Equations (67)–(68). As σ2

CSI increases, the equivalent correlation coefficient ρCSI in
Equation (69) decreases, reducing the accuracy of interference covariance estimation and beamforming
weights. As shown in the figure, CSI errors lead to a noticeable degradation in SE compared with the
perfect-CSI case; however, the IRC receiver still provides significant gains over MRC under the same
error levels. At the 50%-tile, the SE achieved by the proposed IRC receiver is approximately 0.44 bps/Hz,
maintaining about 15% improvement relative to the MRC counterpart with identical CSI quality. The tail
region (5% UE percentile) also remains robust, confirming the inherent interference-suppression capability
of the IRC algorithm even with partially inaccurate channel information. The results demonstrate that the
proposed SLS framework accurately reproduces the degradation trend reported in the 3GPP calibration
datasets, with the proposed architecture’s curve lying between vendor baselines such as Huawei, Nokia,
and Qualcomm. This consistency validates the reliability of the CSI error modeling and the correctness of
the implemented IRC receiver for evaluating realistic dense indoor deployments.
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MRC w/ CSI errors

Figure 9. CDF of user spectral efficiency in the InH_B scenario for the proposed
architecture using an MRC receiver under imperfect CSI conditions. The degradation
is assessed by comparing the CDF shift, median SE, and 5th-percentile SE with the
perfect-CSI reference.

UE Spectral Efficiency bps/Hz
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Proposed

IRC w/o CSI errors

IRC w/ CSI errors

Figure 10. CDF of user spectral efficiency in the InH_B scenario for the proposed
architecture using an IRC receiver under imperfect CSI conditions. The figure
highlights receiver robustness using median SE and 5th-percentile SE under
identical CSI-error conditions.
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Table 4 summarizes the SLS results of the proposed framework in the 3GPP InH_B scenario when CSI
imperfections are considered. Both the MRC and IRC receivers were evaluated under identical CSI error
conditions. As shown in the table, the IRC receiver consistently outperforms the MRC receiver across all
performance metrics. The average cell throughput increases from 83.22 Mbps to 117.94 Mbps, corresponding
to an improvement of approximately 41.7%. Similarly, the average user throughput rises from 8.32 Mbps
to 11.79 Mbps, while the average SE improves from 0.21 bps/Hz to 0.29 bps/Hz. The 5% user throughput,
a key indicator for cell-edge users, shows a notable gain, more than doubling from 1.2 Mbps (MRC) to
3.2 Mbps (IRC), which highlights the IRC receiver’s superior interference suppression capability. In terms
of area throughput, the IRC receiver achieves 0.2359 Mbps/m2, representing a 42% gain compared with
MRC. Overall, these results demonstrate that the proposed IRC architecture maintains strong robustness
under CSI inaccuracies and effectively mitigates inter-cell interference, whereas MRC suffers more severe
degradation due to its non-interference-aware nature.

Although the proposed framework provides a realistic and modular SLS environment, several
practical challenges may arise when extending it toward real-world deployment or hardware-in-the-loop
validation. First, accurate CSI acquisition is difficult in dense indoor networks because SRS feedback,
channel estimation, and beam-pair selection are affected by feedback delay, quantization, mobility, and
hardware calibration errors. Second, the real-time implementation of IRC requires reliable estimation of
the interference-plus-noise covariance matrix, which may increase computational complexity and signaling
overhead compared with MRC. Third, although the dominant-interferer approximation reduces simulation
complexity, real deployments may exhibit time-varying interference patterns, especially under dynamic
traffic loads and user mobility. Fourth, the EESM-based link abstraction requires careful calibration
across different MCS levels; using an aggregate calibration parameter may simplify the simulator but can
introduce non-uniform BLER prediction accuracy for cell-edge and cell-center users. Finally, practical
antenna arrays may suffer from finite phase-shifter resolution, RF-chain impairments, mutual coupling,
synchronization errors, and implementation losses that are not fully captured by ideal DFT codebooks.
These issues do not invalidate the proposed SLS framework, but they indicate important directions for
future extensions, including measurement-based calibration, per-MCS EESM fitting, hardware-aware
beamforming, and real-time validation.

4. Conclusion

This paper presented a unified SLS framework for realistic evaluation of 5G NR MIMO networks in the
InH_B scenario. The proposed model integrates standardized 3GPP channel modeling, DFT-based analog
beamforming, SRS-assisted beam-pair selection, and EESM-based link adaptation within a modular
and computationally efficient environment. By jointly modeling large-scale and small-scale effects, the
framework provides accurate prediction of end-to-end performance under both perfect and imperfect
CSI conditions. Simulation results show strong agreement with the 3GPP Phase 2 calibration datasets,
validating the correctness of the implementation. Under CSI uncertainty, the IRC receiver demonstrated
substantial robustness, achieving up to 42% higher average cell throughput and more than 160% gain at
the 5th-percentile UE throughput compared to the MRC baseline. These results highlight the importance
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of interference-aware combining in dense multi-cell environments. Overall, the developed SLS framework
offers a reliable and extensible reference for evaluating MIMO receiver algorithms, hybrid beamforming,
and machine-learning-assisted link adaptation toward beyond-5G and 6G wireless systems.
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