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Abstract – Stable and high‑quality Internet connectivity is mandatory for 5Gmobile networks. Network disruptionmay oc‑
cur due to unexpected variations in environmental conditions such as weather, wind, and natural orman‑made surroundings,
and the inϔluence of the defect is quite severe. Prediction of such undesirable events at a low cost can boost 5G communication
reliability, massive network capacity, and decreased latency. This research work makes use of novel preprocessing and fea‑
ture engineering techniques, followed by a trained decision tree model to predict the occurrence of Radio Link Failure (RLF).
This system is designed to predict RLF for not just the next day, but also any of the next 5 days. This prediction supports
reliance and increasing demand for good Internet connectivity. In order to achieve accurate RLF prediction, comprehensive
data has been used which undergoes preprocessing. To account for the inϔluence of surrounding weather conditions on radio
links, the proposed system makes use of information from the past i.e., previous RLFs, and the information from the future
i.e., the weather forecast from the weather station around the radio link station. The decision tree model was trained with
the integration of feature engineering. A macro‑averaged F1‑score of 70% and 77% were obtained for RLF prediction for
the next day and RLF prediction for the next 5 days, respectively. The results show improvement in performance after the
incorporation of feature engineering in the pipeline. Further, an additional metric termed G‑Mean is introduced in the paper.
Owing to the high imbalance in the dataset, this metric was found to provide a more realistic representation of the results.
The G‑Mean score was found to be 98.69% and 92.89% for RLF prediction for the next day and RLF prediction for the next 5
days, respectively.
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1. INTRODUCTION

Mobile devices and their modes of communication, 
whether visual or audio or video, have become increa‑ 
singly reliant on high‑speed, around‑the‑clock Inter-
net access. The 5th generation of wireless 
networking technology, also known as 5G, was 
introduced to meet this ever‑increasing demand. 5G 
technology has been and is conceived to be employed 
in a variety of ways in the future, taking advantage of 
its high data transfer speeds, high network capacity, 
and low latency. As a result of reduced waiting times 
and ease of access, as well as every remote action being 
made slicker and far more exact owing to 5G 
technology, the economic structure of the business could 
potentially be heightened.

With 7 billion people in this world, it has been predicted 
that by 2025 there will be about 12 billion Internet‑ 
connected devices with over 13 times more data under 
use than today. This radical digital transformation has 
been proclaimed to be the next big revolution. Maintai‑ 
ning connectivity to crucial equipment that regulates 
our safety and security has become increasingly 
important. Avoiding loss of data transfer is imperative 

and central to this is the network reaction times or 
latency that is inter‑ linked to high‑speed Internet 
connectivity.

Part of a larger communication network, a two‑way 
radio communication system is the Radio Link (RL). It 
plays a very important role when it comes to connection 
and ensuring the transmission of signal from the trans‑ 
mitter to the receiver. Stable and high‑quality Internet 
connectivity as mentioned before is mandatory to 5G 
mobile networks, but certain defects or obstructions to 
the channel can deter the quality of transmission heavily. 
When the key parameters (such as signal strength and 
frequency offsets) of a radio channel are poor to continue 
with the desired application, it is said to be a radio link 
failure [1]. This failure is highly undesirable and needs 
to be avoided following its prediction at no cost for 5G 
communication reliability, massive network capacity and 
decreased latency.

Most radio links are exposed to various weather‑related 
phenomena like wind, rain or snow [2]. The impact is 
more of concern particularly with respect to the backhaul 
links that operate in the GHz frequency range. When radio 
links are affected by such phenomena, there are chances
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for the communication system to fail in continuing its 
operation in the days following the effect. This becomes 
an issue considering the massive reliance on them for 
data transfer and uninterrupted connection. Thus, the 
prediction of a radio link becomes necessary.

In this paper, we propose a machine learning‑based 
Radio Link Failure (RLF) prediction model for 5G com‑ 
munication reliability. It helps to predict the failure in 
radio links in any of the next ϐive days given the weather 
forecast conditions surrounding the link. Considering 
that there are more and more radio stations built almost 
every year to address the increase in data consumption 
for high‑speed Internet connectivity, the key features and 
speciϐications of the radio link and the weather stations 
to capture accurate data is ever increasing. This makes 
the data more and more complex to ensure a uniform 
user experience. To facilitate such complex data, the 
proposed dynamic model incorporates two features:
(i) extensive preprocessing techniques and (ii) feature
engineering methodologies. Following this, a decision
tree model was used to obtain the prediction results.
The proposed model makes use of information and data
from the past, i.e., failure of radio links previously over
the years and the data from the future, i.e., the weather
forecast from the weather stations taking into account
that weather conditions affect the performance of a link.
F1‑scores were used to evaluate the performance of the
model before and after the implementation of feature
engineering. Further, another metric called the G‑Mean
was introduced in order to account for the considerable
imbalance present in the dataset.

The following parts of this paper are organized as follows: 
Section 2 compiles the literature survey to facilitate the 
approach as related work. Section 3 describes the data 
source, while decision tree concepts are explained in Sec‑ 
tion 4. The proposed approach is thoroughly analysed in 
Section 5, with the results obtained being summarised in 
Section 6. Finally, we conclude on the ϐindings and talk 
about the future work in Section 7.

2. RELATED WORK
The phenomenon of radio link failure occurs very com‑ 
monly, causing disruption in high‑speed, low‑latency data 
transfer through wireless channels. With 5G applications 
multiplying by the day, it is essential to predict and fore‑ 
cast the possibilities of failure in radio links to employ 
measures to solve such disruptions in connectivity. 
Existing research work for radio link failure prediction 
considers multiple factors individually, such as signal 
strength [3], weather phenomenon [4], mobility, real‑ 
time data, etc. [5]. While they prove successful for 
limited datasets and duration for a short period into 
the future, the current studies fail to consider multiple 
factors combined. We performed literature reviews on 
preprocessing, feature engineering, and training the

artiϐicial intelligence model to construct and support
their approach for a robust RLF prediction system.

Shayea et al. [2] investigated the impact of weather phe‑
nomena, particularly rain, on 5G communications. The
work highlights the importance of monthly variability in
weather impact on wireless links. This paper considers
rain rate and rain attenuation for the worst month as
parameters, which is stated as an accurate method to
observe the variability in rainfall and its effect. Through
such analysis, the authors discovered that the effect of
rain on wave propagation is highest for tropical climates.
By observing an increase in rain attenuation with rain
rate, the importance of rainfall intensity and thereby the
effect of the time of the year and the surroundings are
presented. But, the authors of this paper stick to a speciϐic
set of frequency bands and a limited geographical region.
Additionally, there are other weather factors besides
rainfall which they miss to consider, such as humidity
and temperature.

The model proposed in this paper is aimed to predict
radio link failure for the next day and the next ϐive days,
hence requiring more than one label. Here comes the
need for multi‑label classiϐication as for this problem
statement, the values would be related to more than one
label, with the labels depending on each other as well. Shi
and Wu [6] describe preliminary research to construct
forecasting models of type selection on the basis of
historical data of mobile base stations. Bi and Kwok
[7] propose a randomized‑sampling based approach to
classify examples into multiple labels. Through such
literature work, we perform classiϐication for the labels
which are based on the number of days to predict.

Robust feature engineering translates into simpler Ma‑
chine Learning (ML) model requirements and efϐicient
training. For large and unbalanced datasets, sufϐicient
techniques applied to the available featureswould reduce
the dimensionality and provide the necessary features
which contain information of proper value as training
data. Backward elimination is a feature engineering
approach that improves failure prediction. True to its
name, the technique starts with all features and removes
the least signiϐicant features. This occurs in a loop fashion
until there is no more improvement in the parameters
considered for evaluation. Aggrawal and Pal [8] surveyed
on the right selection of p‑value for backward elimination
and combined such feature engineering to ML models
such as K‑Nearest Neighbour (KNN) and random forests
for the prediction of heart diseases.

The studies for the predictive model are spread across
different classes based on the available dataset. Qin et al.
[9] use multi‑class support vector machines to predict
handover‑based radio link failures. Tom and Vasudevan
[10] studied cellular link failure and developed rudimen‑
tary ML models such as logistic regression, naive bayes,
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Table 1 – Inϐluence of key performance indicators on radio links

KPI Description Inϐluence on RL

Type RL equipment vendor Different manufacturers, quality difference

Date time Date and timestamp of data collection Sequential data over all months (climate change and seasons)

end‑point Binary‑valued, saying if link end‑point is
near/far

Far (Long distances gives more signal strength attenuation)
Near (Short distances gives less signal strength attenuation)

Mini Link ID A unique ID given for each Minilink
(most deployed microwave transmis‑
sion system)

Affects transmission of radio link

Connection
No.

Unique internal connection ID for each
connection

Indicates path of communication between two radio stations

Site ID Unique ID given for a site, in the form of
RL_xxxxx (alphanumeric)

Does not affect

Polarization Binary‑valued, says if antenna is verti‑
cal/horizontal polarized

Vertical: Field strength perpendicular to ground
Horizontal: Field strength in relation to ground

Card Type Modem card type Thedata transmission speedof differentmodemsvary (measured in
megabytes per second). Hence, card type affects the signal strength
of RL

Adaptive
Modulation

Whether adaptive modulation is em‑
ployed or not

Allows radio to change its speed as conditions in radio network
change

Frequency
Band

5 Frequency bands in the GHz range Increased frequency causes higher attenuation

Link length Distance between 2 sites (LOS) Inversely proportional to attenuation

Severely Er‑
rored Second

Count of 1 second periods with error
that covers >= 30 % of the frame

Even one uncorrected bit error is enough to cause the loss of a data
packet, whether that packet loss was caused by a single bit error or
hundred‑bit‑long error burst is irrelevant

Errored Sec‑
ond

Count of 1 second periods with error Same as ”Severely Errored Second”

Unavailable
seconds

The unavailable operation duration in
seconds

More means more probable connection failure

Available
time

The active duration in seconds More means more probable connection success

Max. re‑
ceived power
level

Maximum transmitter output power
(the actual amount of power of radio
frequency energy that a transmitter
produces at its output)

Effective radiated power is reduced when maximum transmitter
output power is reduced due to loss/resistance from the feed line.

RL capacity Physical transmission bit rate of source Stronger signal strength is correlated with higher bit rates

Modulation
deployed

Modulation type used Higher order means higher bandwidth efϐiciency, used for higher
frequency

and KNNs. The best accuracy was achieved through
KNNs but required extensive data and large computa‑
tional expenditure. Prone to indoor climate conditions,
wireless sensor networks were studied and failures were

detected using a newly proposed supervised learning
network [4]. Equipped with temperature sensors, this
system estimates the temperature in a remote location
using the novel model designed. Yet, it fails to consider
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surrounding factors (impact of the environment around 
the receiver, humidity, rain, and distance from the trans‑ 
mitter).

A reinforcement learning approach [5] to handle RL 
failures was proposed by Karjee et al. This work focused 
on a restricted space, an elevator, as the transceiver 
point, using cellular data from a real elevator environ‑ 
ment. Another research work concentrated on executing 
handovers before the complete disruption of connection 
due to failure using machine learning‑based prediction 
of optimal time and destination of such handovers and 
to trigger them based on radio conditions [11]. The 
mentioned research work broadens the study on han‑ 
dling radio link failure in real‑world scenarios, post the 
prediction phase.

Through a rigorous literature survey of similar work 
existing in the ϐields of failure prediction and handling, 
this paper formulates a machine learning model which is 
enhanced through elimination‑based feature enginee-
ring post data preprocessing performed on the vast 
dataset. This approach considers multiple factors 
relevant to predicting failure. We process the weather 
factors and Key Performance Indicators (KPIs) through 
ranking and selecting only the necessary training 
samples by evaluating the distance metric between 
weather stations and RL stations. In this data, the main 
contributing metrics are retained by removing features 
that lower the evaluating parameter based on backward 
elimination and embedded method. By undergoing such 
data science techniques, the training of the model 
becomes easier.

3. DATA SOURCE
The data that is used for the ML model pipeline is 
provided by Turkcell in the context of the AI for 5G 
Challenge organized by International Telecommunication 
Union (ITU) [12]. This data consists of six ϐiles, each with 
different sets of information that needs to be processed 
and modelled for RLF prediction.
1. Relative distances: The distance between each

weather station and RL station, between 2 weather
stations, and between 2 RL stations is present.

2. Weather forecast data: This data consists of the
weather forecast for every 5 days from 2nd January
2018 to 23rd December 2020.

3. Meteorology historic realizations: It consists of
various meteorological parameters (temperature,
humidity, wind speed, wind direction) as measured
by the weather station in the surrounding area.

4. Meteorology station information: The informa‑
tion regarding the location surrounding the weather
station, i.e., dense tree, low‑medium urban, airport,
low‑sparse urban, sea, sparse tree, open land, open

Fig. 1 – Example of decision tree diagramwith labelled components [14]

in urban alongwith station number and height of the
weather station is given here.

5. Radio link Key Performance Indicators (KPIs)
and conϐiguration parameters: Key performance
indicators include date, time, site ID, type, frequency
band, polarization, radio link capacity, error statis‑
tics and link length (distance between 2 sites). The
KPIs are depicted in Table 1.

6. Radio link site information: The information re‑
garding the location surrounding the RL station,
i.e., open land, dense tree, open in urban, average‑
medium urban, low‑medium urban, sparse tree,
high‑dense urban, average‑sparse, industrial and
commercial, average‑dense urban, low‑dense urban,
high‑sparse urban alongwith the RL ID and height of
the RL station.

The data that is used for the model is comprehensive yet
highly imbalanced with just 0.061% failure weather fore‑
cast data. Accurate preprocessing steps along with fea‑
ture engineering techniques to remove redundant data
are carried out on this model for increased performance
in RLF prediction.

Algorithm 1 Decision tree algorithm [15]
1: Begin the tree with the root node, says S, which con‑

tains the complete dataset.
2: Find the best attribute in the dataset using Attribute

Selection Measure (ASM).
3: Divide the S into subsets that contain possible values

for the best attributes.
4: Generate the decision tree node, which contains the

best attribute.
5: Recursively make new decision trees using the sub‑

sets of the dataset created in Step 3.
6: Continue this process until a stage is reached where

you cannot further classify the nodes and call the ϐi‑
nal node as a leaf node. Fig. 1 depicts the steps with
labelled components.
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4. DECISION TREE

A decision tree is a ϐlowchart‑like structure in which each
internal node represents a test on a feature (e.g. whether
a coin ϐlip comes up heads or tails), each leaf node
represents a class label (decision taken after computing
all features), and branches represent conjunctions of
features that lead to those class labels [13]. The paths
from the root to the leaf represent classiϐication rules.
It is a supervised method. Algorithm 1 explains the
decision tree algorithm.

Algorithm 2 Preprocessing approach
1: For each unique site_id and mlid pair, Day‑1 & Day‑5

radio link failure predictions are found for each date.
This is present in a data frame named ’Intermediate
Data’.

2: ’Intermediate Data’ is merged with original radio link
conϐiguration data to give the merged dataset which 
contains two additional parameters. Hence, the origi‑ 
nal 19 parameters become 21 parameters after mer‑ 
ging.

3: Next, weather data is separated into parts corre‑ 
sponding to each day’s data. In the ϐirst day’s
part (containing 8 parameters), report_time and
weather_day1 are ignored while only numerical data
ϐields are retained.

4: Whenever there is a repetition of a station no. and
date time pair, the mean of the numerical values for
the repeated samples is found and hence eradicate
the repeated samples. The data is then merged with
report_time and weather_day1.

5: The nearest weather station (obtained through Algo‑
rithm 3) for each sample is added as a parameter to
the ’Merged Radio Link Conϐiguration’ data. Now it
contains one additional parameter and the total num‑
ber of parameters becomes 22.

6: Using nearest station, 7 parameters are obtained,
which correspond to the minimum and maximum
temperatures, humidity, and wind direction for the
ϐirst day, along with the weather for that day.

7: This is done by obtaining the weather parameters for
theweather station that is nearest to theRL site under
consideration.

8: The weather parameters are present in the ‘Modiϐied
Weather Data’.

9: After combining the ‘Merged Radio Link Conϐigura‑
tion data’ with the corresponding weather parame‑ 
ters, totally there are 29 parameters (7 new para‑ 
meters from weather data)

10: The ϐinal set of columns is added to ‘Merged Radio
Link Conϐiguration Data’.

11: With the aim to exploit prior information, the radio
link parameters of the previous day corresponding to
the particularmlid and site_id are appended.

12: Hence, the number of parameters now increases from
29 to 51.

Advantages of using decision trees
They can handle both categorical and numerical data.
The data present with us is high dimensional and has a
fair number of categorical and numerical features. Hence,
decision trees are ideal to handle this diversity.

Algorithm 3 Algorithm for ϐinding nearest weather sta‑
tion for each RL site
1: List of weather stations, distance between each

weather station, radio link site pair are present in the
database. (Obtained from dataset)

2: A site_id ‘x’ is fed as input. Aim is to obtain the nearest
weather station for the RL site ‘x’, as shown in Fig. 3.

3: For ‘x’, the list of distances corresponding to each
weather station ‑ RL site ‘x’ is obtained.

4: The above list is ranked and sorted based on distance
values in ascending order.

5: The ϐirst weather station in this list is the nearest
weather station for RL site ‘x’.

5. PROPOSED APPROACH
The decision tree‑basedmodel involves the integration of
extensive preprocessing, feature engineering and model
building from the dataset to account for the imbalance
dataset. The steps involved are depicted in Fig. 2.

5.1 Preprocessing
The dataset labels are split in a highly imbalanced ratio,
19,87,625 values corresponding to success and 1,233
failure. Here, ‘success’ means no RL failure, and ‘failure’
indicates the occurrence of RL failure. Such a narrow split
with highly scarce failure values (0.061%) would act as
inefϐicient training data, as sufϐicient failure label exam‑
ples are the rate of failure prediction should bemaximum.

Hence, we propose a preprocessing approach to remove
redundant parameters and retain maximal information.
The approach (explained below as a sequence of steps
in Algorithm 2) includes dealing with the date time
parameter, ϐinding the nearest weather station, handling
null values, and encoding categorical data.

Handling NULL values
Deleting the samples in the dataset containing null values
for certain parameters is not advisable as it would lead
to a loss of information. Instead, we go for the following
approach:

1. For numerical parameters: Mean is found from all
samples for each mlid (excluding NULL) for that pa‑
rameter. Then replace NULL values for that param‑
eter with the computed mean. The mean is substi‑
tuted based on themlid under consideration.
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Fig. 2 – Block diagram of proposed pipeline

Fig. 3 – Weather stations in vicinity of radio station. RL1, RL2, RL3
represent the radio stations. WS1, WS2, WS3, WS4, WS5 represent the
weather stations.

2. For categorical parameters: Mode is found from all
samples for each mlid (excluding NULL) for that pa‑ 
rameter. Then replace NULL values for that para‑ 
meter with the computed mode. The mode is
substituted based on the mlid under consideration.

The NULL values are depicted in Fig. 4.

Algorithm 4 Handling imbalance across months
1: The months with the number of samples close to the

median are found. In this case, months 6, 8, 9, 10 are
closest to the median. The rest need to be upsampled
or downsampled.

2: Mean is found for the months close to the median. In
this case, the mean for months 6, 8, 9, 10 was found
to be 167920.

3: The months 2, 4, 12 are upsampled to match it to
the mean computed in the previous step. Next, the
months are downsampled 1, 3, 5, 7, 11 to match it to
the computed mean.

Handling imbalance across months
To eliminate any bias that may arise due to an imbalance 
in the number of samples available for each month, up‑
sampling and downsampling is carried out.

Fig. 4 – The number of samples containing NULL value for some of the 
parameters of the dataset are shown.

Algorithm 4 explains the process to handle imbalance 
of samples across months. The distribution of samples 
before and after upsampling and downsampling is shown 
in Table 2.

Algorithm 5 Encoding categorical data
1: Convert ‘True’ and ‘False’ fromstring toBoolean form.
2: Leave numerical data as it is after checking if it is in

ϐloat form and not string.
3: Encode categorical data using label encoding.

Encoding categorical data
The accumulated dataset given as input to the system 
contains multiple ϐields which are numerical or categor‑ 
ical. To aid the successful training of machine learning 
models, it is important to perform encoding techniques 
to uniformly label the ϐields as numerical features.
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Table 2 – Distribution of samples after upsampling and downsampling

Month Before After

1 172159 167920

2 141998 167920

3 176131 167920

4 141854 167920

5 176615 167920

6 165888 167920

7 180034 167920

8 141998 167920

9 170555 167920

10 164402 167920

11 174675 167920

12 153699 167920

The ‘one hot encoding’ approach is not considered 
as it contributes to increased dimensionality. For 
high dimensional data, observations become harder to 
cluster, causing every sample in the dataset to 
appear equidistant from all other observations. 
As clustering uses a distance measure, 
Euclidean distance, to quantify the similarity 
between samples, this phenomenon of points being 
equidistant results in no meaningful clusters being 
formed. On certain occasions, this increase in 
dimensionality might also cause overϐitting.

To overcome these, we go for label encoding to encode the 
categorical data (refer to Algorithm 5). Ordinal encoding 
or its counterpart without numerical values, label enco‑ 
ding, does not add dimensionality, yet effectively 
encodes the categorical data even while non‑binary 
[16]. As the data is extensive, label encoding will 
ensure lower time complexity during model training.

5.2 Feature engineering
The data used is highly imbalanced with 19,87,625 
(99.93%) success and 1,233 (0.061%) failure data, 
with some redundant information that contributes to 
decreased accuracy. The predictive model that is built 
is directly inϐluenced by the features in the data. There 
might be some features that are larger in quantity and 
may inϐluence the model to produce misleading results. 
Thus to overcome this, feature engineering techniques 
are used to identify redundant data that do not give ac‑ 
curate radio link failure prediction. Feature engineering 
is a preprocessing step that moulds the raw data into 
features that better represent the underlying unseen 

Fig. 5 – Correlation matrix
Table 3 – p‑values obtained for the parameters using backward elimi‑
nation method

S.No. Parameter Name p‑value

1 severally_error_second 2.22172581e‑
007

2 error_second 0.00000000e+000

3 unavail_second 6.10771950e‑
183

4 avail_time 0.00000000e+000

5 bbe 7.65626684e‑
002

6 rxlevmax 7.10625958e‑
002

7 capacity 1.62893325e‑
012

information. In this paper, three methods were used to 
perform feature elimination namely, correlation‑based, 
backward elimination, and embedded methods.

Correlation‑based approach
This approach ϐirst ϐilters and selects only a subset of fea‑ 
tures. After choosing the features, the model is produced. 
The correlation matrix is used to ϐilter the data, and 
Pearson correlation is the most frequent method which 
has been utilized as well. First, a Pearson correlation 
heatmap is created and then examined to enable ϐinding 
the relationship between the independent factors and the 
output variable. Only features with a correlation of more 
than 0.5 (in absolute value) with the output variable 
will be considered. If the correlation coefϐicient value is 
close to 0 it implies a weaker correlation; If the corre‑ 
lation coefϐicient is closer to 1 then it implies stronger 
positive correlation; And if the correlation coefϐicient is 
closer to ‑1 then it implies a stronger negative correlation.
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Table 4 – Coefϐicient values obtained for the parameters using embed‑
ded method

S.No. Parameter Name Co‑eff value

1 severally_error_second 5.471792e‑05

2 error_second 2.870396e‑05

3 unavail_second 3.697294e‑04

4 avail_time 0.000000e+00

5 bbe 2.711982e‑09

6 rxlevmax ‑0.000000e+00

7 capacity ‑9.559263e‑08

There was no such pair with high correlation value,
providing no conclusive set of features to be removed
and hence this method is not suitable for indicating
redundant columns. The same is observed in Fig. 5.

Backward elimination
In this method, all possible feasible features are ϐirst fed
to the model, then the model’s performance is evalu‑
ated. The worst performing feature is eliminated one
by one until the model’s overall performance is within
acceptable bounds. The p‑value performance metric was
employed to assess feature performance in this case. If
the p‑value is greater than 0.05, the feature is removed;
otherwise, it is kept. The higher the p‑value, the lower is
the signiϐicance of the feature. The ordinary least square
model is used in backward elimination to obtain the ϐinal
set of features.

It is seen that using this method the feature numbers 5
and 6 have a p‑value greater than 0.05 as shown in Table
3. Hence, these features are considered redundant and
can be removed. The ϐinal set of features namely bbe and
rxlevmax are obtained using this iterative process, which
could be dropped to improve performance.

Embeddedmethod
In embedded approaches, meticulous extraction of the
features that contribute the most to the training for
each iteration of the model training process is done
continuously. Regularization methods, which make use
of a feature based on a coefϐicient threshold, are the
most widely used embedding approaches. Least absolute
shrinkage and selection operator (Lasso) regularization
is put into use in this case to choose features. If a feature
is unimportant, Lasso distinguishes it by setting its coefϐi‑
cient to 0. As a result, the features with coefϐicient = 0 are
deleted, leaving the rest. The lower the coefϐicient value,
the lower is its signiϐicance and higher is its redundancy.

Table 5 – Consolidated results of feature engineering

S.No. Feature Engineering
Method

Predicted redun‑
dant features

1 Correlation based ap‑
proach

Inconclusive

2 Backward elimination bbe and rxlevmax

3 Embedded method bbe, capacity,
avail_time and rxlev‑
max

Combining all 3 meth‑
ods

bbe and rxlevmax

Table 6 – Labels and class

Label
Name

Class Names and
Class Description

Label Description

RLF for
one day

1.0 : Occurrence of
RLF
0.0 : Absence of RLF

Radio Link Failure oc‑
curring on the next
day.

RLF for
ϐive days

1.0 : Occurrence of
RLF
0.0 : Absence of RLF

Radio Link Failure oc‑
curring on any of the
next 5 days.

Table 7 – Number of samples present in the sets before and after Train‑
test split

Name of Set Number of
Samples

Merged Dataset after Preprocessing (Ob‑
tained in Section 5.1)

434570

Train Set 304193

Test Set 130377

Fig. 6 – Name convention for the four conditions
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Using the embedded method it was observed that bbe,
capacity, avail_time and rxlevmax have low coefϐicient
values as depicted in Table 4. Thus, these features can
be dropped as they are redundant. bbe and rxlevmax
are the overlapping redundant features obtained by the
backward elimination method and embedded method.
Hence, these factors were dropped during training. It is
also observed that these twomethods give more accurate
results as they are computationally expensive. However,
the correlation‑based approach, though used widely,
did not give conclusive evidence of which features are
redundant for the dataset used in this paper. Hence, the
approach could not be leveraged. Table 5 demonstrates
the same.

5.3 Training using decision tree
Labels and classes
The decision tree model is trained by feeding the pre‑
processed dataset obtained in the Section 5.1. This
preprocessed dataset contains key parameter indicators
and weather conditions merged together which are the
input features. There are two labels for classiϐication
which are given in Table 6. Each label can be classiϐied
into one of the two classes given in Table 6.

Train‑test split of dataset
The merged dataset after preprocessing contains the
parameters and the two labels mentioned in the Labels
and Classes subsection. This merged dataset is split into
train and test sets in the ratio of 7:3, i.e., 70% of samples
in the train set and 30% of the samples in the test set.
The number of samples present in the sets before and
after splitting is given in Table 7.

Incorporating results from feature engineering
This paper compares the performance of the model with
and without feature engineering present in the pipeline.
Before the train‑test split, the redundant features ob‑
tained after carrying out feature engineering are dropped
from the merged preprocessed dataset. Following this,
train‑test split is done. This version of the sets is referred
to as ‘Feature Engineered Dataset’ in this paper. Training
is carried out twice for each label, once on the ‘Merged
Preprocessed Dataset’ and once again on the ‘Feature
Engineered Dataset’. This is done in the next Section.
Following that, results obtained for with and without
feature engineering are compared in the Section.

Training using decision tree model
The decision tree model was trained for four different
conditions (illustrated in Fig. 6). The name conventions
in Fig. 6 will be used in the paper henceforth.

For training under all four conditions, the tuned hyper‑
parameters pertaining to the decision tree model are
given in Table 8.

Fig. 7 – Rules deϐined after training the decision tree for W FE for 1 day
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Table 8 – Tuned hyper‑parameters of the decision tree model [17]

Hyper‑parameter
Name

Hyper‑parameter Description Value Reason for choice of value

max_depth Maximum depth of the tree 7 Chosen to be 7 and not higher in order to
avoid overϐitting

random_state Controls the randomness of the
estimator. The features are al‑
ways randomly permuted at each
split, even if the splitter is set to
”best”.

1555 To obtain a deterministic behaviour dur‑
ing ϐitting, random_state has to be ϐixed
to an integer.

class_weight It is a dictionary that deϐines each
class label (e.g. 0 and 1) and the
weighting to apply in the calcula‑
tion of group purity for splits in
the decision tree when ϐitting the
model.

{0:0.01,1:0.99} The dataset is unbalanced and the num‑
ber of class 1 (occurrence of RLF) sam‑
ples is low, while the number of class
0 (non‑occurrence of RLF) samples are
extremely high (the ratio is 0.00061).
Hence, class weights of 0.01 and 0.99 for
class 0 and class 1 respectively are cho‑
sen.

Fig. 8 – Confusion matrix

Training for all four conditions was carried out. Fig. 9 
illustrates the schematic diagram of the decision tree 
obtained after training with feature engineering (W FE) 
for one day. The decision tree schematic has three main 
parts: root node, leaf nodes and branches. The root node 
is the starting point of the tree; both root and leaf nodes 
contain questions or criteria to be answered. Branches 
are arrows connecting nodes, showing the ϐlow from 
question to answer. Each node typically has two or more 
nodes extending from it.

The legend shows that the colour of the schematic dia‑ 
gram’s leaf nodes indicate the class to which it belongs 
along with the number of samples satisfying that branch 
rule. Blue indicates Class 1.0 (occurrence of RLF) and 
orange indicates Class 0.0 (absence of RLF).

Table 9 – Confusion matrix

Values TP FP

FN 129197 870

TN 6 304

Decision tree rules obtained after training for W FE 
for 1 day
The schematic diagram provided a visual representation 
of the decision tree. The rules deϐined after training the 
decision tree can be represented as in Fig. 7. It shows the 
sequence of rules used to decide the branches or paths 
chosen by each sample which ϐinally results in the assign‑ 
ment of the class (0.0 or 1.0). Note that the schematic di‑ 
agram and the rules for the trained decision tree can be 
obtained in the same method for the other three condi‑ 
tions as well.

6. RESULTS

The trained decision tree was validated using a test set. 
The classiϐication report was generated after applying 
the trained decision tree model to the test set. This was 
carried out for all four conditions separately.

Components of the classiϐication report
The confusion matrix is represented in terms of True 
Positive, False Positive, False Negative and True Negative, 
as seen in Fig. 8. The values in the confusion matrix are 
given in Table 9.
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Fig. 9 – Schematic diagram of decision tree after training for W FE for 1 day
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Table 10 – Classiϐication report for W FE for 1 day

Class Precision Recall F1‑
Score

Support

0.0 1.00 0.99 1.00 130067

1.0 0.26 0.98 0.41 310
Macro Av‑
erage 0.63 0.99 0.70 130377
Weighted
Average 1.00 0.99 1.00 130377

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 𝑇 𝑟𝑢𝑒𝑃 𝑜𝑠𝑖𝑡𝑖𝑣𝑒
𝑇 𝑟𝑢𝑒𝑃 𝑜𝑠𝑖𝑡𝑖𝑣𝑒 + 𝐹𝑎𝑙𝑠𝑒𝑃 𝑜𝑠𝑖𝑡𝑖𝑣𝑒

𝑅𝑒𝑐𝑎𝑙𝑙 = 𝑇 𝑟𝑢𝑒𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒
𝑇 𝑟𝑢𝑒𝑃 𝑜𝑠𝑖𝑡𝑖𝑣𝑒 + 𝐹𝑎𝑙𝑠𝑒𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒

𝐹1 = 2 ∗ 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗ 𝑅𝑒𝑐𝑎𝑙𝑙
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙

Formulae of metrics present in classification report 
[18][19]

Precision: Out of all the positives predicted, what per‑ 
centage is truly positive.

Recall: Out of the total positives, what percentage are 
predicted positive. It is the same as True Positive Rate 
(TPR).

F1 ‑ score: It is the harmonic mean of precision and 
recall. It takes both false positives and false negatives into 
account. Therefore, it performs well on an imbalanced 
dataset.

Support: Support is the number of actual occurrences of 
the class in the speciϐied dataset. For example, there are 
310 samples with class 1.0 (occurrence of RLF).

Macro‑average: It is the simple mean of scores of all 
classes. So, macro‑average precision is the mean of the 
precision of classes 0.0 and 1.0. In this case, it’s the mean 
of 1.00 and 0.26 which gives 0.63 (as shown in the report 
in Table 10).

Weighted average: The sum of the scores of all classes 
after multiplying their respective class proportions. The 
weighted average obtained is high as it has the ability to 
account for an imbalance in data between the two labels.

The classiϐication report for W FE for 1 day is given 
in Table 10. Here, the F1‑score obtained for class 1.0 
(presence of RLF) is 41%. The macro‑averaged F1‑score 
is 70%. The weighted average is high as it is able to 
balance the two labels. These results can be consolidated 
similarly for the other three conditions and are compared 
in the Consolidated Results and Comparisons subsection.

Additional evaluation metrics [20]

The dataset under consideration is highly imbalanced. 
Using accuracy (precision, recall and F1‑score) does 
not truly represent the results after testing due to this 
imbalance. In the dataset, more than 90% of the samples 
belong to class 0.0 (majority class). A better‑suited 
evaluation metric in order to get reliable results is the 
G‑Mean metric [21]. Sensitivity refers to the true positive 
rate and summarizes how well the positive class was 
predicted. Speciϐicity is the complement to sensitivity, 
or the true negative rate, and summarizes how well the 
negative class was predicted. Sensitivity and speciϐicity 
can be combined into a single score that balances both 
concerns, called the geometric mean or G‑Mean. The 
formulae for these metrics are:

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 = 𝑇 𝑟𝑢𝑒𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒
𝑇 𝑟𝑢𝑒𝑃 𝑜𝑠𝑖𝑡𝑖𝑣𝑒 + 𝐹𝑎𝑙𝑠𝑒𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 = 𝑇 𝑟𝑢𝑒𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒
𝐹𝑎𝑙𝑠𝑒𝑃 𝑜𝑠𝑖𝑡𝑖𝑣𝑒 + 𝑇 𝑟𝑢𝑒𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒

𝐺 − 𝑀𝑒𝑎𝑛 = √𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 ∗ 𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦

Table 12 shows the scores obtained for the additionally 
proposed metrics computed on the W FE for 1 day model.

Consolidated results and comparisons
The consolidated results for all four conditions are given 
in Table 11.

Upon comparing the results obtained for the four con‑ 
ditions, we can conclude that feature engineering en‑ 
hances the performance of the trained model. The F1‑ 
score for class 1.0, macro‑average F1‑score, and G‑Mean 
score show a signiϐicant increase when feature engineer‑ 
ing is employed as compared to when it is not. Hence, it 
is evident that the preprocessing steps as well as the in‑ 
clusion of feature engineering have helped the model per‑ 
form efϐiciently and accurately.

7. CONCLUSION AND FUTURE WORK

This paper focused on improving 5G communication re‑ 
liability by performing timely and accurate prediction of 
radio link failure in the next day or any of the next 5 days. 
The data was analyzed, preprocessed, merged and then 
trained using a decision tree. Results obtained by ap‑ 
plying the trained decision tree to the test set have been 
discussed. The F1‑scores obtained without feature engi‑ 
neering showed that there is scope to improve the accu‑ 
racy and performance by introducing feature enginee‑ 
ring in the pipeline. Feature engineering was 
successfully implemented and increased the F1‑scores 
signiϐicantly. Further, the metrics used to analyze the 
results were extended. Another metric called the 
G‑Mean was introduced in order to account for the 
considerable imbalance present in the dataset. G‑Mean 
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Table 11 – Consolidated results and comparisons for the four conditions

Condition Name F1 Score for
Class 0.0
(%)

F1‑Score
for Class 1.0
(%)

Macro Av‑
erage ‑
F1‑Score
(%)

Weighted
Average ‑
F1‑Score
(%)

G‑Mean
Score (%)

W/O FE for 1 DAY 100 39 69 99 98.35

W FE for 1 DAY 100 41 70 100 98.69

W/O FE for 5 DAYS 99 43 71 98 92.71

W FE for 5 DAYS 99 55 77 99 92.89

Table 12 – Scores obtained for the additionally proposed metrics com‑
puted on the W FE for 1 day model

Metric Name Score (%)

Sensitivity 99.33

Speciϐicity 98.06

G‑Mean 98.69

was used to provide a more realistic and compatible 
evaluation score. In this paper, a novel pipeline has been 
proposed and successfully implemented. The main 
components making this novel pipeline are:

• understanding the key performance indicators and
their impact on radio links;

• systematic preprocessing to combine multiple
datasets efϐiciently;

• handling an imbalanced and high‑dimensional
dataset;

• incorporating feature engineering to improve accu‑ 
racy;

• introducing G‑Mean as a metric for the highly imba‑ 
lanced dataset.

As part of future work, other machine learning and deep
learningmodels can be explored formodeling the dataset.
The radio link failure prediction could be extended to pre‑
dict the possibility of failure for a larger number of days
(more than ϐive days) or the frequency of prediction can
be increased so that prediction is done twice or thrice in
a single day.
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