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ABSTRACT

In recent years, Machine Learning (ML) has become a crucial
and promising tool for forecasting and solving a wide range of
complex problems. The rapid development of machine
learning is closely linked to technological advancements and
has also driven the growth of the Al community and open-
source tools (e.g., TensorFlow, Keras, PyTorch, fast.ai). This
enables researchers to deploy and apply machine learning
algorithms more effectively. This paper provides an overview
of mobile network traffic at BTS stations, conducted from a
data-driven  perspective, focusing on extracting and
transforming data into information that serves production and
business purposes within mobile networks, as well as
describing the characteristics of user traffic. The authors used
the Google Colab environment to analyze network time
statistics to determine traffic in each area. Leveraging large
volumes of information helps improve mobile network
performance and address various issues (e.g., anomaly
detection) that may impact network infrastructure. The study's
findings contribute to addressing certain practical challenges
in deployment, optimization, resource allocation, and energy
savings for mobile networks.

Keywords: 5g traffic; base transceiver station; 5G BTS; 5G
Traffic; 5G/BTS Traffic.

1. Introduction

Technology and data engineering have been and will
continue to develop rapidly, driven by people’s thirst for
knowledge and attracting the attention of researchers
across various fields such as machine learning, expert
systems, and computer science. Numerous classification
techniques have been proposed; however, no single
classification approach has proven to be consistently
optimal or more accurate than others [1], [2], [3].

This article provides an overview of mobile network
traffic for transceiver stations, exploring their operating
mechanisms as well as factors affecting network traffic.
From this analysis, we evaluate and categorize traffic
from NodeB/eNodeB stations using Vinaphone mobile
network data from Thai Nguyen Telecommunications
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[4], [5], [6]. The objective is to research machine learning models and algorithms that support
the classification of base stations based on traffic patterns derived from mobile network data.

Research tools and languages that support data mining (such as Google Colab and
Python) are installed and utilized for this project. Within the scope of this study, machine
learning algorithms are applied to classify transceiver stations by traffic volume [7], [8],
[9]. Relevant data for classifying broadcast stations includes total traffic and call setup
success rates. The sample dataset comprises traffic information for mobile communication
network transceiver stations across various regions [10], [11], [12].

Figure 1 shows the structural model of a base transceiver station.
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Figure 1: BTS station structure model

A base transceiver station (BTS) is a device that enables wireless communication
between user equipment (UE) and the network. UE includes devices such as mobile phones
(handheld devices), WLL phones, and computers with wireless Internet connections. The
network can be based on any wireless communication technology, including GSM,
CDMA, wireless local loop (WLL), Wi-Fi, WiMAX, or other wide-area network (WAN)
technologies. BTS is also known as Node B in 3G networks or simply as a base station
(BS). In LTE networks, the abbreviation eNB (evolved Node B) is commonly used, while
in 5G networks, it is referred to as gNodeB [1].

A basic BTS includes:

(1 Transceiver (TRX): Responsible for transmitting and receiving signals to and
from higher network elements.

1 Combiner: Combines feeds from several base stations to be sent through a single
antenna, thereby reducing the number of antennas that need to be installed.

(1 Power Amplifier: Amplifies the signal from the base station to enable efficient
transmission through the antenna.
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2. Operational mechanism and network traffic
2.1. Network operating mechanism

When users’ mobile devices access the Internet, they send requests to mobile base
stations. These requests are then relayed by transceiver stations to the radio network
controller (RNC), which routes them into the core network and out to the intranet. Through
the intranet, managers can gather statistics on the traffic of BTS stations to estimate the
daily traffic at each base transceiver station [2].

Mobile network traffic refers to internal communication within a network where
links to and from end nodes are wireless. The network is distributed across areas of land
known as cells, with each area served by at least one fixed-location transceiver (usually
three mobile sites or mechanical transceiver stations). These base stations provide the cell
with network coverage that enables the transmission of voice, data, and other types of
content. A typical cell uses a distinct set of frequencies from neighboring cells to avoid
interference, ensuring guaranteed quality of service for each traffic flow [3].

2.2. Factors affecting network traffic

Several factors can affect network traffic during usage. While some of these factors
are unavoidable, steps can be taken to minimize their negative effects on network
performance. However, certain other factors can be completely addressed through essential
equipment upgrades or effective network planning [4].
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Figure 2: Example model of mobile network traffic statistics

Designing and constructing a database of station cells, known as the traffic
database, was initially intended for statistical purposes; however, it did not effectively
assist managers in categorizing stations based on traffic patterns.
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3. Research model

This article introduces the Decision Forest (DF) model, an open-source machine
learning framework built from the ground up using TensorFlow to construct predictive
models. DF incorporates advanced machine learning algorithms designed to address
supervised classification, regression, and ranking problems. The most commonly used
algorithms in DF are Random Forests (RF) and Gradient Boosted Decision Trees (GBDT).
Both of these are ensemble algorithms consisting of multiple “decision trees” though each
algorithm uses unique techniques for implementation [5].
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Figure 3: Decision Forest (DF) model [3]

3.1. Random Forest algorithm

The Random Forest (RF) algorithm, illustrated in Figure 4, is a supervised learning
algorithm commonly used for classification and regression problems, as well as for model
prediction. RF combines multiple decision trees, making it an ensemble method based on
bootstrap bagging. In bagging, multiple decision trees are created, each from a different
bootstrap sample of the training dataset. A bootstrap sample is a sample of the training
dataset where each data point can appear multiple times, a method known as sampling with
replacement [6], [7].
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Figure 4: Random Forest algorithm model [3]
3.2. Gradient Boosted Decision Trees algorithm

Gradient Boosted Decision Trees (GBDT) is a machine learning technique that
optimizes the predictive value of a model through successive steps in the learning process.
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Each iteration of GBDT involves adjusting the coefficients, weights, or biases applied to
each input variable to predict the target value, aiming to minimize the loss function - a
measure of the difference between the predicted and actual target values. "Gradient" refers
to the incremental adjustments made at each step, while "boost" accelerates the model’s
prediction accuracy toward an optimal level [8], [9], [10].
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Figure 5: Gradient boosting decision tree model [13]

4. Experiment in Google Colab environment

The experiments were conducted in the Google Colab environment, utilizing
TensorFlow and various machine learning libraries. Additional Python libraries used for
computations include Pandas and Numpy [11], [12].

4.1. Experimental data

The network traffic dataset used for the experiments consists of 24 fields and 1000
records, aimed at evaluating the effectiveness of the model using the Random Forest
algorithm. Key fields related to traffic, such as Traffic_Volume UL _GB and
Traffic_Volume_DL_GB, were weighted and labeled to enhance model performance. A
reduced and detailed summary of the dataset fields is presented in Table 1.

Table 1: Network traffic data set

Mean Std Min| 25% 50% 75% Max
IRATHO_SR 8792 | 30.85 |0.00| 97.96 | 99.82 | 100.00 | 100.00
HSRate_via_Per 97.55 865 |000| 99.36 | 99.79 | 99.93 | 100.00
UDAT_Kbps 30721.87 | 8696.75 | 0.00 | 25535.90 | 31320.61 | 36454.97 | 64943.29
TraVol_UL_GB 2.24 290 |000| o071 1.42 268 | 3801
TraVol DL_GB 26.08 | 2690 |000| 9.86 | 1875 | 31.85 | 246.75
CMax_Throughput | 31922.03 |18243.68| 0.00 | 16298.50 | 31392.50 | 46583.75| 69771
EUTRAN 99.20 891 |0.00| 100.00 | 100.00 | 100.00 | 100.00
CDown_Avg_ 20.43 461 |000| 1756 | 2047 | 2321 | 39.62
Throughput
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Mean Std Min | 25% 50% 75% Max
IRHPS_Ratio 88.61 30.77 |0.00| 99.34 100.00 | 100.00 | 100.00
IRTHS 87.15 30.82 | 0.00| 96.46 99.35 100.00 | 100.00
leHS_total 96.68 17.35 |0.00| 99.94 100.00 | 100.00 | 100.00
UUAT_Kbps 241484 | 945.76 |00.0 | 1718.90 | 2392.82 | 3067.18 | 10840
CUp_Avg_Throughput| 2.05 0.88 |0.00| 141 2.00 2.62 9.43
IRHL_toWPer 87.92 30.85 |0.00| 97.96 99.85 100.00 | 100.00
TDTV_GB 28.32 29.58 |0.00| 10.57 20.17 34.61 284.76
Downlink_Latency 21.18 12,00 |0.00| 15.77 18.61 23.01 169.26
CPDMax_Throughput 97.55 2750 |0.00| 81.28 97.52 113.84 | 195.32
IFHPer 99.20 481 |0.00| 99.49 99.81 99.94 100.00
SD_all_Service 0.18 0.43 |0.00| 0.07 0.12 0.19 10.16
eSSRas_Per 99.80 319 ]0.00| 9991 99.96 99.98 100.00
RCESR_AIl_Service 99.83 3.16 |0.00| 99.92 99.98 | 100.00 | 100.02
CSSRC_Per 99.73 319 |0.00| 99.83 99.93 99.97 100.00
INTRA_HOSR_ATT 497.96 731.75 |0.00 | 112.00 | 286.50 | 571.25 | 9784.0
RBURD_Per 6.75 8.80 [0.00| 247 4.30 7.55 79.61

4.2. Model building and evaluation

The problem of classifying BTS stations based on traffic is described as follows:
the input data for the model's training dataset comprises 70% of the original dataset (701
data points) with 24 different features. None of the 24 feature types are specified as input
features, so all columns will be used as input features except for the labels. The features
utilized by the model are displayed in the training logs and summarized in the model
summary (model.summary).

The effectiveness of the model is evaluated based on accuracy and loss. A higher
accuracy value, closer to 1, indicates better model performance; conversely, a value closer
to 0 suggests poor predictive ability. Similarly, the model's loss represents the prediction
accuracy; a lower loss value, closer to O, indicates more accurate predictions. With the
number of trees varying as K = {1,51, 151, 201, 251, 300}, the accuracy and loss were
averaged over 7 runs. The results are listed in Table 2 as follows:

Table 2: Results of running the model with the RF algorithm

No. | The number of trees | Accuracy Loss
1 1 0.95 0.320205
2 51 0.974215 | 0.146839
3 101 0.977.77 | 0.105082
4 151 0.97855 | 0.101885
5 201 0.97855 | 0.10257
6 251 0.984245 | 0.101035
7 300 0.979947 | 0.09969

10
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Based on Table 2, we observe that after each change in the number of trees, the RF
model yields high accuracy in the initial experiment, reaching 94% with the first tree and
increasing by 3% to 97% at the 300th tree. Similarly, the model's loss improved
significantly, decreasing by 2.2% from 3.2% with the first decision tree to 0.9% with the
last tree.
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Figure 7: Accuracy of the RF model in the first experiment

Figures 7 and 8 illustrate the accuracy and loss of the model. As shown in the
figures, the measurements gradually increase with each layer; the closer to the center, the
lower the measurement value, and vice versa. In Figure 7, the model's accuracy reached
approximately 94% in the first experiment and gradually increased in subsequent trials,
ultimately reaching nearly 98% (97.99%) in the final evaluation.
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Figure 8: Loss of the RF model in the first experiment

Table 3 presents the station classification results of the two models with fixed input
parameters. For the model utilizing the GBDT algorithm, the features that were re-selected
as more important than the others during model construction include CellUpMax, TVU,
and TDVT.

In Table 3 and Figure 9, we observe that the RF model provides more accurate
prediction results than the GBDT model in most variations of the number of trees. In nearly
all experiments, the accuracy of the RF model remained stable at an average level of about

11
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94%, gradually increasing in subsequent decision trees. In the fourth experiment, the GBDT
model achieved a significant accuracy of approximately 88%; however, this accuracy tended
to decrease afterward, with the final decision tree yielding only about 72%.

Table 3: Comparison of the accuracy of two algorithms RF and GBDT

. K
No. | Algorithm == 51 100 | 151 | 201 | 251 | 300

. RF | 0.9855 | 0.9841 | 0.9826 | 0.9841 | 0.9855 | 0.9768 | 0.9918
GBDT | 0.8335 | 0.8182 | 0.7879 | 0.8030 | 0.8182 | 0.8030 | 0.8030

, RF | 0.0262 | 0.9826 | 0.9897 | 0.9916 | 0.9922 | 0.993 | 0.9943
GBDT | 0.7932 | 0.8135 | 0.8145 | 0.8208 | 0.8265 | 0.8417 | 0.8548

; RF | 0.9456 | 0.9521 | 0.955 | 0.9555 | 0.9731 | 0.9815 | 0.9852
GBDT | 0.8521 | 0.8337 | 0.8285 | 0.819 | 0.8081 | 0.8057 | 0.803

. RE | 0.9927 | 0.9844 | 0.9717 | 0.9711 | 0.9709 | 0.9567 | 0.9514
GBDT | 0.8849 | 0.8647 | 0.8061 | 0.8056 | 0.7589 | 0.7533 | 0.7246

- RF | 0.0059 | 0.9061 | 0.9275 | 0.9651 | 0.9755 | 0.9807 | 0.9888
GBDT | 0.8339 | 0.8304 | 0.8289 | 0.8254 | 0.8163 | 0.812 | 0.8007

. RF | 0.0208 | 0.923 | 0951 | 0.9573 | 0.9698 | 0.9753 | 0.9895
GBDT | 0839 | 0.8238 | 0.823 | 0.8198 | 0.7918 | 0.7786 | 0.7711

, RF | 09156 | 0.941 | 09473 | 0.955 | 0.9711 | 0.9837 | 0.9916
GBDT | 0.8655 | 0.8375 | 0.8267 | 0.7969 | 0.7952 | 0.7837 | 0.7761

Algorithm accuracy

GBDT

Figure 9: Compare the accuracy of two algorithms RF and GBDT in the 7th run

5. Conclusion

This article presents research findings on mobile network traffic analysis for BTS
stations using the TensorFlow-Decision Forest (TF-DF) experimental model. The
research process involved processing a dataset and applying it to the model, followed by
an evaluation of the model’s performance. Experimental results demonstrate high

12



Vinh University Journal of Science Vol. 53, No. 4A/2024

prediction accuracy, with significant improvements in loss measures due to the
integration of decision trees within the model. The article explores the theoretical
foundations of mobile network traffic at BTS stations and reviews various algorithms
addressing attribute selection challenges, with a focus on the TensorFlow-Decision
Forest model and the Random Forest algorithm.

Based on these insights, the author proposes methods to improve feature labeling
to optimize classification algorithms, especially for handling high-dimensional data. To
validate the enhanced model's effectiveness, experiments were conducted using a network
traffic dataset. The results indicate that the Decision Forest model utilizing the Random
Forest algorithm achieves superior accuracy, suggesting it could be a viable option for
application developers seeking reliable data classification solutions. Through these
contributions, this research aims to address specific challenges in data mining and
classification, potentially providing valuable insights for both the broader field of data
analysis and particular applications.
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Nguyen University.
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TOM TAT

NGHIEN CUU TONG QUAN VE
LUU LUQNG MANG DI PONG CHO TRAM BTS

Hoang Van Thuyc, Pham Van Ngoc, Doan Thi Thanh Thao,
Vii Chién Thang, Pham Thanh Nam, Mac Thi Phugng
Truong Pai hoc Cong nghé thong tin va Truyén thong, Pai hoc Thai Nguyén, Viét Nam
Ngay nhan bai 03/7/2024, ngay nhan dang 30/8/2024

Trong nhitng nim gan day, Hoc may (Machine Learning - ML) da tr¢ thanh mot
cOng cu quan trong va day htra hen trong viéc du bao va giai quyét nhiéu van dé phuc tap.
Su phat trién nhanh chong cua hoc may gan lién véi su tién bo cua cong ngh¢ va cling thue
day su phat trién ciia cong dong Al cung cac cong cu ma nguon m& (vi du: TensorFlow,
Keras, PyTorch, fast.ai). Diéu nay gitp cc nha nghién ciru trlen khai va &p dung cac thuat
to4n hoc may mot cach hi¢u qua hon. Bai bao nay tong quan vé luu lugng mang di dong
cho cac tram BTS, duogc thuc hi¢n theo hudng dit liu, tap trung vao viéc khai thac va
chuyén doi dir liéu thanh thong tin phuc vu san xuét kinh doanh trong mang di dong, ciing
nhu mo ta dic diém luu luong truy cap cua nguoi dung. Nhom tac gia da st dung moi
truong Google Colab dé phan tich cac s6 liéu thong ké vé thoi gian ciia mang, nham xéc
dinh luu luong tai tuzng khu vue. Viéc khai thac mét lugng 16n thong tin giup cai thién hi¢u
sut mang di dong va giai quyét nhiéu van dé (vi du: phat hién bat thuong) c6 thé anh
huong dén co sO ha tang mang. Két qua nghién curu trong bai bao da gop phan nho vao
viéc giai quyét cac van dé lién quan dén trién khai, t61 uu hoa, phan bd tai nguyén va tiét
kiém ning lugng cho mang di dong trong thyc té.

Tir khéa: Luu luong 5G; tram thu phat song gbc; BTS cho mang 5G; luu luong
5G/ BTS; luu luong truy cap 5G.
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