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Abstract—The cell outage detection is an important issue of the
self-organizing networks defined by the 3GPP. The objective of
the cell outage detection is to determine whether these exists
any cell outage in mobile communication networks. The cell
outage detection problem is important in next generation mobile
communication networks due to the increasing number of base
stations. Using machine learning techniques to detect the cell
outage would be promising. However, the data imbalance and the
users’ privacy issues make the machine learning based cell outage
detection more challenging. In this paper, we propose a cell outage
detection method using the deep convolutional autoencoder,
which is an unsupervised learning approach. We formulate the
cell outage detection problem as an anomaly detection problem.
The proposed method could solve this anomaly detection problem
by using the normal measurement data only. The proposed
method does not rely on the cell outage data and the location
information of users. Comprehensive system-level simulations
validate the performance of the proposed method.

Index Terms—Self-Organizing Network, Self-Healing, Cell
Outage Detection, Autoencoder, Convolutional Neural Network.

I. INTRODUCTION

With the evolution of mobile communication networks, the
modulation frequency becomes higher and higher, and the total
number of users, including both humans and machines, also
dramatically increases [1]. In order to improve the network
performance, the deployment of small cells has become an
inevitable trend.

During the long-term operation of base stations, some
degradation or failure may occur, which cause coverage holes
or poor signal quality. The cell outage detection (COD), which
is part of the self-healing in the self-organizing networks
proposed by the 3GPP, aims to solve this issue [2] . Cell
outage detection is the task of determining whether some cell
is degraded or failed to provide mobile service to users. When
the outage cell is detected, the coverage holes or the service
degradation areas could be compensated by the cell outage
compensation (COC) methods [3].

Due to the increasing number of base stations, the data
imbalance, and the users’ privacy issues, enabling cell outage
detection is with critical challenges [4].

In order to solve these issues, we propose a cell outage
detection method using the deep convolutional autoencoder.
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The cell outage detection problem is formulated as an anomaly
detection problem. We develop a deep convolutional au-
toencoder to learn to identify cell outage from the dataset
which is based on the measurement reports collected from
user equipment (UE). Comprehensive system-level simulations
validate the performance of the proposed method.

The major contributions of this paper are threefold:

1) We design a novel cell outage detection method called
the Cell Outage Detection with Convolutional Autoen-
coder (CODCA) method. In order to deal with the data
imbalance issue, the proposed method is based on the
unsupervised learning. Even when the cell outage data
is still not available, the proposed CODCA would be
trained by using the normal data. The tedious data
labeling work could be avoided.

2) In order to address the users’ privacy concern, the
proposed CODCA method does not rely on the location
information of users. The CODCA method only uses
the RSRP and RSRQ values of the serving cell and the
neighboring cells, and the radio link failure (RLF) infor-
mation in the measurement report from user equipment.
The location information of users is not required in the
proposed CODCA method.

3) The proposed CODCA method is based on the convo-
lutional neural network technique. Thus, the number of
parameters in the model could be reduced, and thus the
overfitting problem could be avoided.

The rest of this paper is organized as follows. In Section
II we describe the related work in the literature. The system
model is presented in Section III. The proposed CODCA
method is described in Section IV, followed by the simulation
results and discussions in Section V. Finally, conclusions are
presented in Section VI.

II. RELATED WORK

Moysen and Giupponi provided a comprehensive intro-
duction and literature survey for applying machine learning
techniques in Self-Organizing Networks [5]. They showed
that there exist some related work about COD. Most of
them use the supervised learning techniques, such as fuzzy
logic, support vector machine (SVM), and k-nearest neighbors
(KNN).
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TABLE I
Mobile Data Cell Outage
Warehouse (MDW) Detection (COD) NETWORK ARCHITECTURE OF THE PROPOSED CODCA METHOD.
Layer (Type) [ Output Shape [ Activation Function [ Num. Parameter
Trace Collection Operation and Toput (Nonc, 4. 4, 3) 0
— e Conv2D (None, 4, 4,9) | tanh 252
o — MaxPooling2D (None, 2, 2, 9) 0
MDT data - Conv2D (None, 2, 2, 27) | selu 2214
collection A 77 A N MaxPooling2D | (None, 1, 1, 27) 0
3 Conv2D (None, 1, 1, 27) | tanh 6588
UpSampling2D | (None, 2, 2, 27) 0
Conv2D (None, 2, 2, 9) selu 2196
UpSampling2D | (None, 4, 4, 9) 0
Conv2D (None, 4, 4, 3) selu 246
= == Cell outage IV. PROPOSED CODCA METHOD

Consider a mobile communication network which consists
of n cells. In the following explanation, we use n = 4x4 = 16
cells. Suppose that an UE generates a measurement report X,
as (1) shows.

We use the deep convolutional autoencoder to detect
whether the measurement report x is normal or not. Table
I shows the network architecture of the proposed CODCA
Method. There are two symmetrical parts in the model, in-
cluding the encoder and the decoder. The higher half of Table
I shows the encoder. The objective of the encoder is to find
the compressed representation of the input features which are

gance. Indicatlors 1(1K1PIS) to detlezrmine c;lliperformance sta}tlus. the RSRP, RSRQ and RLF values from surrounding cells,
y using real cellular network data, their proposed method ") the most important features could be kept. The high-

could s1§n1ﬁcarllltly improve the detectloréglll\?[ht}fl. Onlretlket.fal. dimensional measurement report could be represented as the
Eropose ace outaglg(e r;lan;lge}r?e.nt ( . h) ramev;zlorKN(;? low-dimensional coding. The lower half of Table I shows the
eterogeneous networks [3]. In their work, they use the decoder. The objective of the decoder is to reconstruct the

to detect cell outage. input data from the coding. The output of the decoder is the
In [8], we already proposed a cell outage detection method,  ,,.onstruction x.

Fig. 1. The system model.

Khatib et.al. presented a root cause analysis system based
on fuzzy logic [6]. They proposed a genetic algorithm to
learn the rule base. They showed that the obtained results
are comparable or even better than those obtained by hu-
man experts. Ciocarlie et.al. proposed an adaptive ensemble
method framework for modeling cell behavior to deal with
the cell anomaly detection problem [7]. They uses Key Perfor-

called CODA, based on the autoencoder neural network. The proposed CODCA method tries to learn the identity
However, we used the fully-connected layers to build the fnction:
model. The number of parameters might be large and thus X=f(x)~x )

it would be possible to overfit. In this paper, we use the
convolution layers in the model with the benefit to reduce During the training of this convolutional autoencoder neural

the number of parameters and to avoid overfitting. network, the back propagation algorithm is adopted to mini-
mize the reconstruction error L:

III. SYSTEM MODEL L%x) =[x -x|* 3

After the training process, the model is used to detect the
Fig. 1 shows the system model. The mobile communication anomaly of the new inputs. We would choose an appropri-
network consists of multiple cells. One or more of these cells  ae decision threshold which depends on the precision-recall
might be degraded or failed. Based on the Minimization of  (radeoff. When the reconstruction error of the new input data is
Drive Tests (MDT) [9], the user equipment in each cell would  pelow the decision threshold, this new input data is predicted
collect the measurement reports, including the Reference Sig- a5 normal; otherwise, a cell outage is predicted.
nals Received Power (RSRP), Reference Signals Received Fig. 2 shows the detailed illustration of convolution layer
Quality (RSRQ), and Radio Link Failure (RLF), and send the i the proposed CODCA method. In the proposed CODCA
measurement reports to the Trace Collection Entity (TCE). method, take n = 4 x 4 = 16 as an example, there would be
The measurement reports in the TCE are processed to generate  totally 11,496 trainable parameters .

the ready-to-use dataset. The dataset is saved in the Mobile

Data Warehouse (MDW). The Cell Outage Detection (COD) V. SIMULATION RESULTS AND DISCUSSIONS
method would use the dataset to predict the cell outage, and We use ns-3 to build the simulation scenarios and to
send the prediction result to the Operation and Maintenance generate simulation results [10]. Fig. 3 shows the simulation
(OAM) to decide the followup actions, e.g., to compensate the scenario which consists of 16 cells There are 50 mobile
service degradation of coverage hole. stations randomly deployed in each cell in the scenario. There
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x = {RSRP;,RSRP,,...,RSRP,,RSRQ|,RSRQq, . ..,RSRQ,,,RLF|,RLF,,...,RLF,}.
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Max Pooling
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Fig. 2. Convolution.
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Simulation scenario.

Fig. 3.

are totally 800 mobile stations. Table II shows the detailed
simulation parameters. We prepare four datasets generated by
the simulation. One dataset is the normal dataset, and the other
three datasets are the cell outage datasets. For each cell outage
dataset, we choose one of the cells in Fig. 3 to be the outage
cell, and change the transmission power of this outage cell to
30 dBm. For the three cell outage datasets, we choose cell 4,
cell 5, and cell 11 to be the outage cell, respectively.

Fig. 4 shows the training vs. validation loss. Both the
training and validation losses decrease rapidly at the first few
epochs. They keep almost consistent after 100 epochs. Fig.
5 shows the Receiver Operating Characteristics (ROC) curve.
The area under the curve (AUC) is 0.9388. Fig. 6 shows the

7-10 December 2020, Auckland, New Zealand

(1
TABLE II
SIMULATION PARAMETERS.
Parameter | Value
Num. Base Stations 16
Num. Mobile Stations 800
Distance between Base Stations | 500m
Frequency Band 7
Transmission Power (Normal) 43 dBm
Transmission Power (Outage) 30 dBm

Path Loss Model Log-Distance

Antenna Omni Directional Antenna
Mobility Model Random Waypoint
Handover A2-A4-RSRQ
Epoch 200

Batch Size 128

Optimizer adam

Loss MSE

Padding Same

Stride 1

Num. Filter 3

Kernel Size 3x3

Training and Validation Loss
0.40

Trainning Loss

0.35 Validating Loss
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Fig. 4. Training and validation loss.

reconstruction error for normal and outage data. The figure
show that the proposed CODCA method could effectively
separate the normal data and the outage data. The decision
threshold is set as 0.024, and is represented as the green line
in Fig. 6. Fig. 7 shows the confusion matrix.

Table III shows the performance comparison between the
proposed CODCA and our previous work CODA. The results
show that the proposed CODCA method could outperform the
previous CODA method by 1.5% to 2.8%.

VI. CONCLUSION

In this paper, we propose a cell outage detection method
using the deep convolutional autoencoder. The cell outage
detection problem is formulated as an anomaly detection
problem. We develop a deep convolutional autoencoder to
learn to identify cell outage from the dataset which is based on

1559



Proceedings, APSIPA Annual Summit and Conference 2020

the

Receiver Operating Characteristic

10

o
= -
06
2
£
- 04
=
'_ ”r
02
—— AUC =0.9388
00
0.0 0.2 04 06 0.8 10
False Positive Rate
Fig. 5. ROC curve.
Reconstruction Error for Different Classes
0175 +  Normal
Qutage
0150 Threshold
otas L. B e
[ w
S 0100
o
=
w 0.075
s
[&]
& 0050
0.025
0.000
0 500 1000 1500 2000
Data Point Index
Fig. 6. Reconstruction error for normal and outage data.

measurement reports collected from user equipment. Com-

prehensive system-level simulations validate the performance
of the proposed method.
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