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Abstract — 5G networks deployment is much data driven, 

leading to more energy consumption. The need to efficiently 
manage this energy consumption is a major drive in the 
comparative analysis of the features of a 5G production dataset. 
The features of the 5G production dataset generated with G-Net 
track pro were analyzed using Python programming language. 
From the correlation coefficient results obtained, the highest 
correlation value of 0.78 exists between the reference signal 
power and the received signal reference power of the 
neighbouring cells. Using the significant indicator, we observed 
that the signal to noise ratio is the most important of all the 
features. Using heat map and scatter plots, we further observed 
that there were good relationships between the key features 
selected from the significant indicator. These features will play 
a big role in improving the energy efficiency of a 5G network.  
 

Keywords — 5G, Artificial Intelligence, Dataset, Machine 
Learning.  
 

I. INTRODUCTION 
5G networks deployment supports large number of devices 

and requires high data rates, needing too much energy 
consumption. The need to efficiently manage this energy is a 
major drive in determining which features of a production 
dataset plays key roles in improving the energy efficiency of 
a 5G network. According to [1] cellular technologies have 
seen gradual evolution from the first to the fifth evolution 
(5G) for meeting the demands in terms of bandwidth, 
throughput, latency and jitter. Panwar, Sharma and Singh [2] 
stated that each generation gave rise to energy consumption 
due to the addition of hardware to support applications and 
requirements. According to [3], in 2025 the amount of user 
data will increase four times compared to today’s network. 
As a result, energy efficiency will be a significant factor in 
5G as compared to earlier generations. In [4], it is explained 
that a fully operative and efficient 5G network cannot be 
complete without artificial intelligence (AI) and by 
integrating machine learning (ML) into 5G technology, 
intelligent base stations will be able to make decisions for 
themselves, and mobile devices will be able to create 
dynamically adaptable clusters based on learned data. 
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II. REVIEWED LITERATURE 
Fonseca et al. [9] discussed that 5G networks are being 

designed to provide pervasive networking, high data rates, 
coverage, reliability and low latency and that meeting such 
diverse requirements has also resulted in increased ICT 
energy consumption; by 2025, the ICT industry itself could 
be responsible for 30% of power consumption globally. 
Johnson [5] tried to solve the problem of 5G energy 
consumption by the deployment of small cells. This makes 
the networks denser, leading to more energy consumption. 
Bjornson et al. [10] explained that to improve the cellular 
energy efficiency, without sacrificing Quality of Service 
(QoS) at the users, the network topology must be densified to 
enable higher spatial re-use. Their goal was to minimize the 
total power consumption while satisfying QoS constraints at 
the users and power constraints at the BS and small cell 
access points (SCAs). Rajoria et al. [6] employed massive 
MIMO, which increases power consumption due to the more 
hardware components required. The authors in [11] tried to 
answer the fundamental questions; what the optimal number 
of antennas are, active users and transmit power, for a multi-
user MIMO system to be designed from scratch to uniformly 
cover a given area with maximal energy efficiency. Haidine 
et al. [7] states that AI and ML will unlock the power of 
software and algorithms that will allow for efficient 
deployment of assets and resources. In this work, ML 
approach was used in determining the key features of a 5G 
production dataset for improving the energy efficiency of a 
5G network. 

 

III. MATERIALS AND METHOD 
5G production dataset of [8] generated from two mobility 

patterns (static and car), and across two application patterns 
(video streaming and file download); composed of client-side 
cellular key performance indicators (KPIs), comprised of 
channel related metrics, context-related metrics, cell-related 
metrics and throughput information was used. These metrics 
were generated from a well-known non-rooted android 
network monitoring application, G-Net Track Pro. Python 
programming language was used in the coding and analysis 
in determining the best features of the production dataset for 
improving the energy efficiency of a 5G network. The steps 
we took in the whole process include first, the 35 different 
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datasets of [8] were merged as one and cleaned. It was then 
stored, and comparatively analyzed using significance 
indicator, correlation matrix and density heat maps. All data 
were converted to numeric data. The relationship between the 
features were explored and normalized using the log function 
in numpy library. Lastly, the best features for optimal 
performance for improved energy efficiency were 
determined. 

 

IV. RESULTS 
From the results we obtained; using Pearson correlation 

coefficient to investigate how correlated the features are, it 
was found that the highest correlation exists between the 

reference signal power and the received signal reference 
power of the neighbouring cells (NRxRSRP) with a 
correlation value of 0.78 as shown in Fig. 1. 

In determining the key important features of the production 
dataset of [8] for improving the energy efficiency of a 5G 
network, the signal to noise ratio was found to be the most 
important, given the significance indicator as shown in Fig. 2. 

We used more visual plots in determining the features of 
the production dataset that needed to be normalized, since 
machine learning works better with normalized data. Fig. 3(a-
j) shows the results in numerical columns with respect to 
determining the data transformation and normalization 
approach to take for each feature. From the results obtained, 
we observed from Fig 3a that the speed data distribution is 
skewed heavily to the left, thus needs normalization. 

 

 
Fig. 1. Correlation investigation results of the production dataset features. 

 

 
Fig. 2. Key features of the production dataset for 

improved energy efficiency. 
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(a) (b) (c) 

   
(d) (e) (f) 

   
(g) (h) (i) 

 
(j)  

 

Fig. 3. Column distribution for data normalization approach; a) Speed data distribution chart; b) Reference signal power data distribution chart; c) Reference 
signal quality data distribution chart; d) Signal to noise ratio data distribution chart; e) Signal quality indicator data distribution chart; f) Received signal 

strength data distribution chart; g) Download bit-rate data distribution chart; h) Upload bit-rate data distribution chart; i) Received signal reference power of 
the neighbouring cells data distribution chart; j) Received signal reference quality of the neighbouring cells data distribution chart. 

 
Fig. 3b shows that reference signal power data distribution 

is almost a Gaussian distribution, needing little or no 
normalization. Fig. 3c shows that the reference signal quality 
data distribution is a Gaussian distribution. Fig. 3d shows that 
the signal to noise ratio data distribution is a Gaussian 
distribution. Fig. 3e shows that the signal quality indicator 
data distribution is almost a Gaussian distribution, needing a 
little normalization. Fig. 3f shows that the received signal 
strength data distribution is a Gaussian distribution. Fig. 3g 
shows that the download bitrate data distribution needs 
further investigation of its values, since its values are centered 
between 0 and 1. Fig. 3h shows that the up-link bitrate data 
distribution needs further investigation, due to its values 
ranging from 0 to 1,000. Fig. 3i shows that the nRxRSRP data 
distribution is slightly skewed to the right, needing 
normalization. Fig. 3j shows that the nRxRSRQ data 
distribution needs further investigation since its values 
centered between 0 and 0.3. 

Further, the density heat map which uses colour gradient 
to show how concentrated a given data is, at a particular area, 
and the scatter plot which shows how the data is distributed 
were used to show the relationships between the features. 

The density heat map and scatter plot of Fig. 4 shows that 
the linear relationship between the received signal strength 
and the reference signal quality is good. 

The density heat map and scatter plot of Fig. 5 shows that 
the linear relationship between the reference signal quality 
and the reference signal power is good. 

The density heat map and scatter plot of Fig. 6 shows that 
very good relationship exists between the reference signal 
quality and the signal to noise ratio. 

The density heat map and scatter plot of Fig. 7 shows that 
good relationship exists between the download bitrate and the 
upload bitrate of the data capture. 

The density heat map and scatter plot of Fig. 8 shows that 
there is good relationship between the reference signal 
received power of the neighbouring cells (nRxRSRP) and the 
received signal power. 

The density heat map and scatter plot of Fig. 9 shows that 
there is great relationship between the received signal power 
and the signal to noise ratio. 

 
 

 



    European Journal of Engineering and Technology Research 
ISSN: 2736-576X 

 

DOI: http://dx.doi.org/10.24018/ejeng.2023.8.2.2994  Vol 8 | Issue 2 | April 2023 55 
 

  
(a) (b) 

Fig. 4.a) Density heat map of received signal strength vs. reference signal quality; b) Scatter plot of received signal strength vs. reference signal quality. 
 

  
(a) (b) 

Fig. 5.a) Density heat map of reference signal power vs. reference signal quality; b) Scatter plot of reference signal power vs. reference signal quality. 
 

  
(a) (b) 

Fig. 6. a) Density heat map of signal to noise ratio vs. reference signal power; b) Scatter plot of signal to noise ratio vs. reference signal power. 
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(a) (b) 
Fig. 7. a) Density heat map of downlink bit-rate vs. uplink bit-rate of data capture; b) Scatter plot of downlink bit-rate vs. uplink bit-rate of data capture. 

 

  
(a) (b) 

Fig. 8. a) Density heat map of nRxRSRP vs. received signal power; b) Scatter plot of nRxRSRP vs. received signal power. 
 

  
(a) (b) 

Fig. 9. a) Density heat map of signal to noise ratio vs. reference signal quality; b) Scatter plot of signal to noise ratio vs. reference signal quality. 
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V. CONCLUSION 
This research work on comparative analysis of the features 

of a 5G production dataset is carried out to identify which 
features in the dataset could make a significant impact in 
improving the energy efficiency of a 5G network. 

From the foregoing results obtained in this work, we 
observed using the significance indicator that the signal to 
noise ratio is the most significant feature of the dataset, and 
we further observed that the reference signal quality, the 
signal to noise ratio, the reference signal power and the 
reference signal received power of the neighbouring cells all 
have key roles in improving the energy efficiency of a 5G 
network. 

These features can also be used in developing models for 
determining the signal strength losses in mm-wave 
technology.  
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