ETECTION IN LONG TERM EVOLUTION
(LTE) NETWORI4

INTRODUCTION ~ METRIC FEATURES

1. Exponential or Lognormal features identified during Exploratory Data Analysis would undergo a log

Long-Term Evolution (LTE) cellular networks are the central component to one of the most essential and transformation in order to normalise the data first
in-demand fields globally, telecommunications. However, these LTE networks simultaneously drain 2. These features would thereafter undergo scaling along with the normally distributed data, where the feature is
expensive and scarce radio resources, primarily electrical power and frequency spectrum. This project scaled to have a mean of 0 and a standard deviation of 1.

thus seeks to develop two supervised classification Machine Learning (ML) models capable of being
utilized in a dynamic Radio Resource Management (RRM) system for LTE networks. The ML models will be
predicting if a cell exhibits (a) normal behaviour where no redistribution of radio resources is required or
(b) anomalous behaviour that requires reconfiguration.

The log transformation improves model performance and training stability by normalising the data while scaling
ensures that the magnitude of influence each feature has on the ML model 1s comparable and reduces excessive
bias on any specific feature because its original values are greater.

HYPERPARAMETER TUNING
M ETHODO LOGY MODEL TRAI N I NG 1. Stratified 10-fold validation splits the processed

training dataset into a new validation (10%) and

DATASET 5 SELECTED MODELS training dataset (90%) over 10 folds
. . ~ Thetwo selected ML models for training are the 2. An Optuna study is created, in the first trial a
1. Telemetry data was obtained from a 4G LTE deployment spanning two weeks = - .
1. Decision Tree (DT) model [5], random set of hyperparameters is chosen from
2. 14 total features, consisting ofthe dependent or outcome feature “Beha viour” along with 13 other . . ified
2. eXtreme Gradient Boosting (XGBoost) model [6] SPECIned ranges

redictor features
P 3. Foreach fold, the models are subsequently

Where the XGBoost model is an ensemble learning _ .
fitted with the chosen hyperparameters on the

technique that consists of multiple decision trees building

3. Gathered from a set of 10 base stations, in total spanning 33 cells, every 15 minutes.

4. Total sample size of 36904, dataset being imbalanced with the large majority of cell behaviour being , ) new training data and tested on the validation
1 (72.49 her th | 27 69 . upon the residuals of the previous tree. _
normal (72.4%) rather than anomalous (27.6%). § data to obtain a F1 score for that fold
EXPERIMENTAL SETUP OBJECTIVE FUNCTION 4. Mean F1 score of all the folds is then calculated

1. All data manipulation and model training was done in Python 3.11.4. The chosen objective function for hyperparameter tuning is: 5. Inthe following trial, the hyperparameters will

2. The dataset was shuffled and splitinto training (80%) and testing (20%) datasets. Precision X Recall be tuned using Optuna’s [7] optimisation
i F1l5core =2 x ,
-------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------- | Precision + Recall algorithm based on the mean F1 score of the

previous trial, aiming for a maximised F1 score

EXPLO RATO RY DATA ANALYSIS due to its utilisation of both precision and recall in a manner 6. The best performing hyperparameters that

ink . which scores models with more balanced values higher, making _ . . .
"_EH"E;EEE‘ELEEL“'M"EH;ML_‘- it more suitable for the imbalanced dataset being used results in the highest F1 score is the final model|
DATA QUALITY 2 L
1. Presence of missing data in the rows was tested, no s ———s
missing data was found and no further action done i RESULTS AND DISCUSSION
2. Outliers were then identified by visualising box plots T 1ad '
and plotting any values outside Tukey’s Fences [1] E MODEL EVALUATION
3. Only distinct global o.utller |d-ent|ﬁe.d was in the box E 18 The XGBoost model had ‘ Racaiver Operating Charsctertitic Precition Recal Display
plot of Mean UE Devices (uplink) with a value of 2.668 s verformed better than the DT L} B a— : " cal
FEATURE IMPORTANCE model at all possible am$ | —a . an
1. The non-parametric Chi Square test for homogeneity ea1 thresholds, coming :
[2], Point-Biserial correlation [3] and Mann Whitney U ~ exceedingly close to beinga & 5'"'
test [4] are hypothesis tests used to evaluate predictor perfect model of having an E el - B
feature importance by assessing for statistically Scatter plat of Percentage of PRE usage (uplink) Area Under the Curve (AUC) of -
significant effects on the outcome feature w{ — Duference between D keamn 0.999 for both the ROC curve 01 { - o
2. For example, a scatter plot of Percentage of PRB usage : Hiann Whitney U-Test pat 0 (3dg) and PRD, which was greater ’ T Dol s LA = T | on Yo {0k > 1743
. . ’ . e NOSlcont | ALC = 099 ra— | ME = O TF
(uplink) shows a difference between the mean values than the DT model’s AUC - - - — ' - - = ~ - - - —
of anomalous and normal cells supported by the values of 0.986 and 0.974 for Padse Positive Mate Aecall

statistically significant (p<0.001) hypothesis tests
3. Only significant features such as Percentage of PRB
usage (uplink) were retained for model training

DATA DISTRIBUTION

the ROC curve and PRD.

MODEL EXPLANATION
The DT model is heavily

el g et by T ppeme B Mg e i
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3 types of distributions were observed from the histograms: - influenced by mainly two R e T
(a) Exponential — Peak at 0, long right tail oA features, “Mean UE devices R p—— e tage ot 20 age s | [ N
(b) Bimodal-Lognormal — two peaks, lognormal shape Mol wemams (downlink)” and “Percentage " e e s e O e e Yo __
(c) Normal — Gaussian distribution, integer only values - . of PRB Usage (uplink)”. o ..,...._”: i e s T
Examples are illustrated below in order from left to right ~ Similarly, the XGBoost model is — R ——
HMisfogram ﬂrHI’l‘ll’l-tl-F of PRB Lha e lUFi'I“::I Histogram of Mean UE devices |IJFH||"..P Histogram of Mazimum UE devices (doardnk) E most inﬂuenced by the same Call v AT | (¥ TR T S p—— -
- — | " : . ol = FEGET Mk T Sl olrmeaden | .
two features but with reversed W ol i ik Col &3 BALTE |
communication directions. TR T T
By [LALR o Mg T et ko |

CONCLUSION FUTURE WORKS

1. Explore the development of a dynamic RRM system capable
of reconfiguring the identified anomalies from the ML models

The DT model and XGBoost model
demonstrate exceptional model

. : : oo ~ performance across all evaluation metrics
a I {2 K &0 : . . . . : - . .
A e 13 26 1) ° 2 4 & B W U ~ and show promising implementation 3. Incorporation of MLOps (Machine Learning Operations) for

Percentsge of PRE usage (upbnk) Mesn UL deaces [upink) Ha LIE dewices (dawnbnk , . . :
e ™ e v ol ~ potential predominantly in the latter model. the continued training and adaptation of the ML models in
| foreign LTE deployments.
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