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Abstract: Performance prediction is an indispensable topic to any mobile network operator. It allows the operators to be aware of future network 
scenarios and take actions before they occur. This paper explores various machine learning approaches to predict performance. Real world data is 
mined and analyzed to identify the geospatial distribution of samples and their temporal relationships. Time series techniques based on general additive 
model, auto-regressive model and deep learning are evaluated. Long-term short-term deep learning model was used, and it performed better compared 
to the others giving results that are adequate for most planning and optimization tasks. 
 
Index Terms: deep learning, Machine Learning, Neural networks, Reference Signal Received Power (RSRP), Reference Signal Received Quality 
(RSRQ), signal-to-interference-plus-noise ratio (SINR), time series. 
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1. INTRODUCTION 
There is a tremendous increase in inventions and innovations 
in radio access technology leading to overall operational 
efficiency. However, much more work needs to be done in 
radio access planning and optimization to leverage on 
emerging technologies like deep learning. Automation of 
manual and routine tasks has the potential to reduce 
significantly the operational costs of Mobile Network Operators 
(MNOs) and improve the quality of user experience. Currently, 
network management tasks require human interactions such 
as conducting and analyzing drive tests, key performance 
indicator (KPIs) analysis and resolution of customer 
complaints. Customer complaints already indicate that the 
users on the ground are experiencing degradation of services 
and are likely to churn. Customer satisfaction is key in 
customer retention and studies show that it costs 5-10 times 
more to acquire a new customer than to maintain an old one 
[1].  KPIs are an indication of the network performance and 
can be used to troubleshoot and optimize the network. They 
are limited because of the availability of data and the 
granularity of the available data [2]. KPIs are averaged to the 
granularity of cell level and are not real time, they offer a 
reactive approach towards resolving faults in a network. 
Another technique used to collect performance measurements 
is through drive tests. They are conducted and analyzed 
manually. This has proved to be costly, tedious and ineffective. 
Hence, the Third Generation Partnership Project (3GPP) has 
put in place various measures to minimize drive tests such as 
standardization of measurements for both UMTS and LTE 
networks (Release 10), possibility to collect user uplink and 
downlink throughput measurements and the availability of 
location information (release 11). With minimization of Drive Test  
 
 

 
 
 

(MDT), MNOs are enabled to remotely collect measurements 
indicating network quality of service as experienced by the 
users and the correlated location information [3]. The data that 
is collected through the MDT technic is huge and requires big 
data technics to analyze. 
 

2 RELATED WORK 
Machine learning offers a plethora of opportunities in cellular 
network operations. A lot of research is being done with 
regards to the impact of machine learning on cellular radio 
networks [4], [5], [6]. This is because the adoption of machine 
learning techniques in radio networks is expected to reduce 
operational expenditure (OPEX) and improve user experience 
[6]. Performance prediction in wireless networks has always 
been an important but challenging task for radio engineers. 
Conventionally, prediction has been based on signal 
propagation models which attempt to estimate the path losses 
due to geospatial and none geospatial conditions [7], [8], [9]. 
These methods are based on assumptions and a one-fit-all 
solution, that is, an urban model applies to all urban centers 
despite their differences. A key concept has emerged in the 
past decade called the radio environmental maps (REMs) [10]. 
This has led to increased research on radio signal analysis 
with machine learning. In [11] and [12], the authors suggest 
the use of REMs for coverage analysis through spatial 
interpolation techniques to group together areas with poor 
coverage and to predict the signals of locations close to but 
not covered by a drive test. The use of machine learning is 
postulated in [11] to predict performance and [13] to predict 
uplink power given the pre-existing conditions. In this paper a 
novel approach that employs LSTM deep learning model in 
prediction of network performance for the next 60 minutes is 
proposed. The main contribution of this paper is to provide an 
efficient approach for performance measurement predictions 
using real world data. 
 

3 DATA EXPLORATION 
The data for this project was collected from a local 
telecommunication service provider. It was collected in the 
month of April 2019 and consisted of over 2 million 
observations from different locations. The key attributes of the 
data were timestamp, user location, Reference Signal 
Received Power (RSRP), Reference Signal Received Quality 
(RSRQ), signal-to-interference-plus-noise ratio (SINR) and 
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relative distance from serving cell. In the preprocessing and 
aggregation step all the parameters in the data were 
aggregated based on time and geospatial information. 
Locations which had less than 1000 records over different 
timestamps could not give a defined trend when subject to 
time series models and were filtered out. Fig. 1,2 and 3 below 
show the distribution of RSRP, RSRQ and SINR over a period 
of 20 days. 
 

 
Fig. 1. Distribution of RSRP per minute 

 
 

 
Fig. 2. Distribution of RSRQ per minute  

 

 
Fig. 3. Distribution of SINR per minute 

 
 

Fig. 4, 5 and 6 show decomposition of the three 
measurements. Decomposition is an important technique for 
time series data exploration. It seeks to construct from an 
observed time series, several component series, where each 
of these has a certain characteristic. These are general trend, 
seasonality and residual. The general trend in the time series 
is due to fundamental shifts or systemic changes of the 
process or system it represents. Seasonality is manifested as 
repetitive periodic deviations after de-trending the data. The 
residuals are obtained after adjusting the trend and seasonal 
components are the irregular variations [14], [15]. This was 
helpful in informing the models to be used for prediction. Since 
all the three performance measurements were found to have 
an element of seasonality, the models used had to factor in 
seasonality. 
 

 
Fig. 4. Hourly decomposition of RSRP 

 

 
 

Fig. 5. Hourly distribution of RSRQ 

 
 
 

Fig. 6.  Hourly distribution of SINR 

 
 
 
 
 

4 MACHINE LEARNING TECHNIQUES 
Temporal analysis is unique in that it is based on features of 
the one-dimensional timeline hence requiring specialized 
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machine learning models. In the exploratory analysis, it was 
discovered that performance measurement data exhibited 
seasonality as shown in figures 4, 5 and 6. This informed the 
choice of the machine learning models which incorporate 
temporal features such as seasonality combined with temporal 
correlations in sub seasonal time scales. Three machine 
learning models were explored, these are: General Additive 
Models (GAM) GAMs are a blend of generalized linear model 
and additive models developed by Trevor Hastie and Robert 
Tibshirani [16]. They seek to maximize the quality of prediction 
of a dependent variable by estimating specific functions of the 
predictor variable connected to the predicted variable via a link 
[17-18]. Prophet, a GAM developed by Facebook which uses 
a python framework [19] was used. Auto-regressive moving 
average models (ARMA) ARMA models are very good in 
capturing trends because autoregression enables the next 
time values to be predicted based on the prior time values and 
the moving average concept utilizes dependency between 
residual errors to forecast values in the next time [14], [20]. In 
this case Seasonal Autoregressive Integrated moving average 
(SARIMA) was used to capture the seasonal elements. Deep 
learningThese are models based on neural networks which 
are more versatile in automatic learning of temporal 
dependencies and automatic handling of temporal structures 
such as trend and seasonality. Recently deep neural networks 
have been used in several applications such as text mining, 
fault detection and speech recognition. Deep learning offers 
high-level abstraction from the data through its architecture 
that consists of several non-linear layers [14], [15], [21], [23]. 
Long-term short-term memory (LSTM) is a type of a deep 
learning model which uses the recurrent neural network and 
can learn long term dependencies. It was introduced by 
Hochreiter & Schmidhuber in 1997 [24] and since then it has 
become a popular method for various deep learning 
applications [25], [26], [27]. 
 

5 RESULTS 
The aim was to predict the performance measurements for the 
next 60 minutes based on the previous trends for the past 20 
days. Three performance measurements were considered 
which are RSRP, RSRQ and SINR. Figures 7, 8 and 9 show 
the prediction results for the RSRP, RSRQ and SINR, 
respectively, achieved using the prophet GAM model. The 
black dots illustrated in the figures represents the actual 
measurement readings, the blue line is the prediction with a 
60-minute forward rolling window and the light blue thick line is 
the 95% confidence interval level.  

 
 
 
 
 
 
 

 
Fig. 7.  RSRP Prediction using Prophet 

 
 

 
 

Fig. 8. RSRQ Prediction using Prophet 
 
 

 
Fig. 9.  SINR Prediction using Prophet 
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SARIMA model was implemented and the results are as 
shown in figures 10, 11 and 12. The method of grid search 
was used for hyperparameter tuning [28], [22]. The blue graph 
is the actual measurements, the orange graph is the output of 
the model with a 60-minute forward rolling window and the 
grey graph is 95% confident interval. 
 

 
Fig. 10.  RSRP Prediction using SARIMA 

 
 

 
Fig. 11.  RSRQ Prediction using SARIMA 

 
 

 
Fig. 12. SINR Prediction using SARIMA 

 
 
 
 
 

Fig.13, 14 and 15 shows the output of LSTM. The model 
consisted of an input layer, two stacked LSTM layers having 
64 and 32 neurons respectively, and the output layer. The 
network's weights were optimized using the adaptive moment 
estimation (Adam) algorithm. Adam algorithm was used since 
it uses different learning rates for each weight and separately 
updates them as the training progresses. The learning rate of 
a weight is updated based on exponentially weighted moving 
averages of the weight's gradients and the squared gradients 
[14], [29], [30], [31]. A batch size of 16 was used over the 20 
training epochs. The blue graph is the actual measurements, 
the orange graph is the output of the model with a 60-minute 
forward rolling window.  
 

 
Fig. 13.  RSRP prediction using LSTM 

 
 

 
 

Fig. 14.  RSRQ prediction using LSTM 
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Fig. 15.  SINR prediction using LSTM 

 

6 DISCUSSION 
The Dataset was split into train and test data in the ratio of 
70:30. K-fold cross validation was used to evaluate the 
performance of the various models. The dataset was divided 
into 4 equal subsets and each subset was used to train and 
test, then an average was done to obtain the results shown in 
table1 below. Three metrics were used to evaluate the best 
model; Mean Absolute Error (MAE), Root Mean Square Error 
(RMSE) and the standard deviation [32]. 

 
TABLE I.  EVALUATION RESULTS FOR DIFFERENT 

MODELS 
 

 
 
From figures 7,8 and 9 it was evident that prophet GAM was 
over smoothing the data. This was also evident in the various 
evaluation metrics. SARIMA offered better results for RSRP and 
RSRQ with standard deviation of 5.8dB, 6.5dB respectively. 
However, the SINR had a high standard deviation of 7.4dB. 
LSTM was found to be the best model with standard deviation 
of 3.64dB, 4.49dB and 4.46dB for the RSRP, RSRQ and SINR 
respectively.  
 

7 CONCLUSION AND FUTURE WORK 
This paper proposed a temporal prediction approach to radio 
signal predictions. The best model in this case was LSTM 
deep learning model with standard deviations of 3.64dB, 
4.49dB and 4.46dB for the RSRP, RSRQ and SINR 

respectively. These predicted measurements can be used to 
detect areas that will have coverage or quality issues and 
actions taken to avert. Predictions for a longer duration can 
give insights to future base station planning. Future 
enhancement to this work includes application of a big data 
framework to analyze massive data coming from the entire 
network for a longer duration. 
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