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Abstract—Crowd events such as large-scale cultural entertain
ment events, urban festivals, sport events, in particular, football 
world cups, cause a high traffic load to the mobile networks, 
because a large number of users compete simultaneously to 
access the radio resources. During such heavy events, the uplink 
traffic is high and hence the network becomes uplink-limited, in 
which the Channel Quality Indicator (CQI) feedback received 
from the users to the Base Station (BS) consumes much of the 
uplink resources. In practical scenarios, CQI feedback strategies 
should be able to reduce the signalling overhead while satisfying 
certain performance bounds of Block Error Ratio (BLER), as 
an indicator of the connection quality. In this paper, we aim to 
reduce the feedback overhead in a multi-BS scenario. We cast the 
problem of Signal-to-Interference Ratio (SIR) estimation by ex
ploiting the theory of Gaussian Process Regression (GPR), which 
takes the advantage of macroscopic shadow fading correlation 
properties. Our results demonstrate that with GPR and with 
the consideration of the interfering BS, an efficient reduction in 
feedback is achieved.

Keywords—5G, channel quality indication, feedback overhead 
reduction, Gaussian process regression, interference, SIR

I. Introduction
The near future (5th) generation mobile network is antic

ipated to support a massive number o f users and provide a 
high quality o f service [1]. According to Cisco, by 2021, with 
the prospect o f an increased number o f connected devices, 
the average mobile traffic load is projected to grow 7-fold 
compared to 2016 [2], [3], Many reasons are driving this trend: 
heavy crowd events such as sport events or street events (e.g., 
carnival processions or concerts) pose a significant amount of 
signalling overhead to the Base Station (BS). As a matter of 
fact, the control signalling overhead is a significant challenge 
for future 5G networks [4], [5], [6]. Signalling includes the 
Channel Quality Indicator (CQI) feedback received from the 
users, providing the necessary information such as Modula
tion and Coding Scheme (MCS) for proactive radio resource 
allocation.

In [7], we reduced the signalling overhead by means of 
Gaussian Process Regression (GPR) for a single BS scenario. 
The proposed method aims at avoiding unnecessary feedback 
while a target threshold o f 10% BLock Error Ratio (BLER) 
is satisfied. In [8], we extended our work to non-static users. 
The goal was to explore the optimal CQI estimation for mobile 
scenarios. An analytical optimization method is proposed in

the selection o f users to provide the highest spatio-temporal 
correlation o f the channel which culminates in performance 
improvement with respect to BLER and rate loss.

In this paper, the objective is to extend our work to multiple 
BS scenarios and to quantify the amount o f the reduced 
feedback by considering the interference coming from other 
BSs. To the best o f the authors’ knowledge, reducing the CQI 
feedback overhead by applying GPR for spatial CQI interpo
lation in a multi BS scenario has not yet been considered in 
the existing literature.

We structure our remaining paper as follows. In Section E, 
we review the existing research. In Section III, w e introduce 
the considered system model. In Section IV, we propose the 
SIR estimation and feedback reduction method. In Section V, 
we provide and discuss simulation results. In Section VI, we 
draw a conclusion.

II. Related Work
In this section, w e discuss related work regarding the CQI 

prediction and overhead reduction methods. In [9], Chiumento 
et al., use a GPR framework to predict the CQI and focus on 
reducing the time-domain feedback overhead. In [10], Kumar 
et al., propose a BS-side rate estimation method which reduces 
the overhead at the cost o f more computations at the BS. 
In [11], Akl et al., investigate several prediction methods to 
compensate the performance loss due to the outdated CQI. In 
[12], Awal et al., present a frame-based Dynamic CQI Re
source Allocation (DCRA) method. In [13], the same authors 
expand their works by using a linear predictor at the BS side 
aiming to compensate estimation errors. In [14], Chiumento 
et al., introduce various feedback allocation strategies by 
considering a trade-off between signalling overhead in uplink 
and the system performance in downlink. In [15], Francis et 
al., propose a best-M scheme in which only the largest sub
channel SINR o f each user is fed back. The method exploits 
the correlation across the sub-channel gains and the fed back 
information.

Location-based resource allocation methods rely on exploit
ing explicit knowledge over the distribution o f the users. 
In [16], Botsov et al., show that for the device-to-device 
(D2D) communication, the resource allocation with the CSI- 
based approach is more expensive at the cost o f increased
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overhead compared to the location-based resource allocation 
methods. In [17], Imtiaz et al., propose a learning-based CSI 
prediction method. The proposed method met lower overhead 
and complexity compared to the traditional CSI-based resource 
allocation methods. In [18], Luo et al., propose a learning 
framework to predict the CSI based on the historical data 
and current feedback. In this paper, w e address the problem 
of reducing feedback reports by applying a GPR model in a 
multi-BS scenario.

III. System Model
In this section, w e present the system model to predict 

the user’s CQI in the presence o f interfering BSs. Figure 1 
illustrates this scenario. The received powers are often noisy 
from the measurement errors. Let y(xk) =  P(xk)  +  be a 
random variable denoting the value o f noise corrupted received 
power at user A; in a large-scale fading environment, where, 
rik ~  AA(0, er )̂ is a zero mean additive white Gaussian noise 
with variance from the measurement errors and P(xk)  is 
the received signal power at the kth user given by:

P(xk) =  Ptx ~  10alog10(||a:i,s -  x k\\) +  X Xk. (1)
Here, PTX is the transmit power, a  is the path-loss exponent, 

M(0, crx ) describes the shadow fading with zero mean 
and standard deviation o f crx , Xbs is the BS location, Xk e  
A  C M2 is the user location, and A  represents the region of 
interest (ROI).

Let us assume that w e have a network composed by 
N  interfering BSs. User k measures its received Signal-to- 
Interference Ratio (SIR) defined as:

7  (xk) Pi{xk)
Pj(Xk) (2)

where Pi(xk)  is the received power from the serving BS i, 
while Pj(xk) is the received power from the interfering BS 
j .  We consider an interference limited scenario including two 
BSs in which one BS is a dominant interferer and we neglect 
the noise power, because the noise power level is much lower 
than the interference power level.

The SIR is then quantized into a CQI value {Q m jm Zi1, 
indicative o f the highest MCS that the BS may use while 
guaranteeing a BLER below a target value. Here, M  is the 
number o f available MCSs. Each MCS has a corresponding 
data rate o f R (Q m). User k can reliably decode the data only if 
~j{xk) falls above a threshold value depending on the selected 
MCS/CQI. Else, an outage occurs [19],

We consider that the users are locally distributed in a 
circular ROI with radius r  according to a spatial Poisson 
Point Process PPP with the density Xk , (cf. [20]). We denote 

=  {xk €= A; k =  1, . . . ,  K  e N }  as the user’s location.

;
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Fig. 1: System model.

placed at the center o f ROI. This is a baseline scenario which 
can be easily generalized to a scenario with a higher number 
of test users in a larger ROI. Given the relationship between 
CQI and SIR, predicting the SIR is equivalent to predicting 
the CQI. The feedback load from all the users can be reduced 
by letting an optimal user set report the feedback and spatially 
interpolating the remaining users. The quality o f the estimation 
varies with the user’s density and location as well as the spatial 
correlation o f the channel. We consider a spatial correlation 
that follows an exponential function that is parametrized by 
the correlation distance dc. We randomly select a subset Z  
of training users based on PPP with density Az(V.Z C K )  
and with the information that is obtained from them, w e then 
estimate the SIR for the test user.

Once the BS has collected the SIRs from the users, the best 
estimate for 7 (2:*) in logarithmic scale can be calculated from 
the mean power

Ai(xk) =  P TXi ~  10Q!jlog10(||a:bSi -  ajfc||)
-  {PTXj ~  lOajlogmdla;^ -  arfc||)}, (3)

and the correlation function

C (xk, x k>) =  (0%. +  <T%.) exp ^ ^ '11^ s (4)

where dc denotes the decorrelation distance o f the shadowing 
[21]. ax . and a x  are the shadowing variances from the BS i 
and BS j ,  respectively. Then, the estimated SIR at x* can be 
written as [22]:

IV. GPR for SIR Estimation and Feedback 
Reduction

The CQIs which are fed back to the serving BS cause 
overhead. To tackle this, w e now turn our attention to the GPR 
approach to estimate the SIR at an unobserved test user 2;*,

7 ( i* )  =  g ( i , )  +  C ^ ( C n  +  ff^I) 1{y- fj , (x)) .  (5)
Here, [C*.x]fc =  C(x»,Xk)  is the cross-correlation between 
the test user and the training users, and [CJfcfc/ is the auto
correlation o f the training users.
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TABLE I: Simulation Parameters
Parameter Value
OLi =  OLj 2

% b si [200 0] m
•Ebaj [-4 0 0  0] m

II 10 dB
P t X a — P t X a 0 dB

0.01
dc 40 m
r 50 m

TABLE II: SIR and CQI mapping to modulation and coding 
rate

SIR CQI Modulation Code rate Efficiency
-6 .8 7 5 1 QPSK 0.08 0.1523
-5 .1 3 2 QPSK 0.12 0.2344

-3 .1 2 5 3 QPSK 0.19 0.3770
- 1 .2 4 QPSK 0.30 0.6016
0.775 5 QPSK 0.44 0.8770

2.7 6 QPSK 0.59 1.1758
4.7 7 16QAM 0.37 1.4766
6.6 8 16QAM 0.48 1.9141
8.8 9 16QAM 0.60 2.4063
10.4 10 64QAM 0.46 2.7305
12.3 11 64QAM 0.55 3.3223

14.225 12 64QAM 0.65 3.9023
15.925 13 64QAM 0.75 4.5234
17.825 14 64QAM 0.85 5.1152
19.875 15 64QAM 0.93 5.5547

V. Simulation Results
When reducing the CQI feedback, the basic question is how 

much it can be reduced whilst maintaining an acceptable rate 
loss or BLER threshold. Given the parameters in Table I, our 
results illustrate that the proposed GPR-SIR estimation method 
allow to lessen the feedback overhead in the presence o f the 
interfering BS. We ignore the effect o f small-scale fading with 
the assumption that it has been averaged out. According to the 
3GPP standard for the Line-of-Sight (LOS) users, we assume 
that the decorrelation distance is 40 m [23, Tab.7.3-6], We 
consider the M  =  15 MCSs o f L IE Release 8.

Figure 2 shows the behaviour o f the proposed GPR esti
mation method for the SIR prediction. The figure depicts the 
BLER versus the density of the selected random users. As 
can be observed in the figure, BLER gradually decreases as 
the density o f the training users Az  increases, for the reason 
that the spatial correlation o f the neighbouring users increases.

The estimation method provides the underestimated or over
estimated SIR compared to the actual SIR. An underestimation 
occurs when the predicted SIR is lower than the actual SIR. 
This leads to a throughput degradation. Because, the data is 
sent at a lower rate than expected. But at the same time, 
it decreases the BLER. Similarly, the overestimation occurs 
when the predicted SIR is higher than the actual SIR. This

Fig. 2: BLER versus density o f the selected training users.

Fig. 3: Rate loss versus density o f the selected training users.

necessitates retransmissions whilst increasing the throughput. 
In view o f this, the estimation error causes rate loss [19]. The 
difference between the actual and predicted rate is defined 
as the rate loss and it is obtained from Table II. Figure 3 
shows the rate loss versus Az-  According to the figure, by 
increasing the density o f the training users Az ,  the rate loss 
gradually decreases. It stems from the fact that the estimation 
error decreases with increased user density.

Next, we examine the amount o f resource savings. The 
feedback saving is achieved only for Az  that their BLER falls 
below the targeted BLER threshold. In this examination, we 
calculate the percentage o f feedback saving by (1 — ^ ) x 100.
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Fig. 4: The amount o f feedback reduction versus the density 
o f users.

Figure 4 summarizes the reduction o f feedback amount versus 
the density o f the users Ak  in ROI. In this figure, the BLER 
threshold is imposed at 11% and 15%. From the figure, we 
observe that the CQI estimation method allows a considerable 
gain reduction in feedback signalling for both BLER thresh
olds. Comparing the reduction o f feedback o f the two curves 
for the same value o f Ak , the figure indicates that the amount 
o f feedback reduction is higher for 15% BLER compared to 
11% BLER, as expected. With the BLER threshold o f 11%, 
the feedback reduction can only be achieved for XK >  0.14, 
meaning that more number o f users are required in the ROI 
to lessen the amount o f CQI feedback.

V I. C o n c l u s i o n

Our research interest is to reduce the uplink signalling 
overhead in heavy crowd events, while guaranteeing the rate 
loss or BLER requirements. In this paper, w e proposed an 
estimation-based method to reduce the feedback overhead in 
a multi-BS scenario. The method is highly dependent on the 
spatial correlation o f the wireless propagation channel. We 
assessed the effectiveness o f the SIR estimation and quantified 
the amount o f feedback saving. Simulation results showed that 
the performance o f the proposed method was satisfactory and 
an acceptable feedback overhead reduction in the presence of  
the interfering BS can be achieved.
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