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Abstract. Determining state of each cell, for instance, cell outages, in
a densely deployed cellular network is a difficult problem. Several prior
studies have used minimization of drive test (MDT) reports to detect
cell outages. In this paper, we propose a two step process. First, using
the MDT reports, we estimate the serving base station’s transmit power
for each user. Second, we learn summary statistics of estimated transmit
power for various networks states and use these to classify the network
state on test data. Our approach is able to achieve an accuracy of 96%
on an NS-3 simulation dataset. Decision tree, random forest and SVM
classifiers were able to achieve a classification accuracy of 72.3%, 76.52%
and 77.48%, respectively.

Keywords: 5G cellular networks· Cell outage detection·Machine Learn-
ing.

1 Introduction

Traditionally, the deployment, operational optimization and troubleshooting have
been extensive manual tasks. For large scale networks, this manual effort becomes
intractable. Significant recent research focus has been directed towards Self Or-
ganizing Networks (SONs), which aim to reduce human operator involvement in
the running of a network [5, 3].

Three main tasks in the realm of SON are self-configuration, self-healing and
self-optimization [5, 3, 7]. Within self-healing, an important sub-task is to auto-
matically detect faulty cells. Cell failures can result from a variety of reasons,
such as component failures and mis-configuration [13, 15, 18]. Traditional tech-
niques to detect cell failures include manual scanning of alarms from network
management systems and manual drive tests. With network sizes growing, not
only geographically, but also in density, this process is way too slow and ad
hoc to achieve competitive network operations. Thus, automation of cell outage
detection has become a necessity.

Some prior work has used insights from the way cellular networks operate to
detect cell outages. For instance, [15] used neighbor cell list (NCL) reports to
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construct a visibility graph. The authors observed that topology changes in this
graph indicate cell outages. In [13], a weighted combination of the distribution
of channel quality indicator (CQI), time-correlation of CQI differential and reg-
istration request frequency was used to detect cell outages. Incoming handover
request statistics were used to detect cell outages in [4, 20]. A hidden Markov
model based cell outage detection scheme was proposed in [2].

Recently, many researchers have taken a machine learning approach to cell
outage detection. Clustering [14]. Bayesian networks [12]. Onireti proposed k
nearest neighbors and local outlier factor based classifiers for heterogeneous cel-
lular network in [17]. Zoha et al. applied local outlier factor and SVM based clas-
sification algorithms to the cell outage detection problem in [21]. In [6], Chernov
et al. compared k nearest neighbor, self organizing map and several probabilistic
data structures for sleeping cell detection in LTE networks. Gurbani et al. ap-
plied Chi-Square test and Gaussian Mixture Models trained on LTE network log
data to detect cell outages in [10]. Wang et al. proposed an RBF neural network
based approach to detect cell outages in [19]. Mulvey et al. applied a recurrent
neural network to the sleeping cell detection in [16].

In this work, similar to works such as [17], we use Minimization of Drive Test
(MDT) reports, which are transmitted by each active user in a network, peri-
odically [1]. Each report consists of current channel and carrier characteristics.
Each user transmits their location along with signal strength and quality for
four best reference signals received from neighboring base transceiver stations
(BTSs).

We make the simplifying assumption that the best strength signal comes from
the geographically nearest BTS, the second best strength signal form the second
nearest BTS and so on. Under this assumption, the received signal strength
depends solely on two factors: the transmit power and the distance between the
user and a BTS. Given BTS locations and a channel propagation model, from
each MDT report, we can estimate the transmit power being used by the four
nearest BTSs. In the present work, we only consider the BTS nearest to each
user and the highest strength signal to estimate the transmit power being used
by the BTS nearest to each user.

In case of normal network operation, our estimated transmit power should be
somewhat similar for all users. In case of a cell outage, our estimated transmit
power for the users in the vicinity of the failed BTS should be different from
others. Consider a toy example, illustrated in Fig. 1. User A’s nearest BTS is
BTS1. Under normal conditions, user A would receive the best strength signal
from BTS13. If we adjust the path loss for the distance between user A and
BTS1 to the best received signal strength, we get an estimated transmit power.
Most users in the network would arrive at similar estimate transmit power levels.
However, if BTS1 fails, user A’s best received signal strength now comes from
BTS2, which would be significantly weaker than before. If we adjust the path loss
for the distance of user A from its nearest BTS, i.e., BTS1, we would arrive at a

3 Under obstructions or irregular terrains, this would not hold for many users. Never-
theless, several users may still be located such that this condition holds.



Cell state prediction through distributed estimation of transmit power 3

significantly lower estimated transmit power. Users that are not in the vicinity
of the failed BTS would estimate a higher transmit power. We hypothesize that
this method can be used to detect the network’s operational state.

User A

BTS1

BTS2

Fig. 1. A user in the proximity of two BTSs, BTS1 and BTS2. Normally, user A’s best
received signal strength should depend on distance from BTS1. However, if BTS1 fails,
the best received signal strength would no longer be a function of geographical distance
from the nearest BTS, i.e., BTS1.

We develop an algorithm based on the above technique. Our approach is
able to achieve an accuracy of 96% on an NS-3 simulation dataset. Decision
tree, random forest and SVM classifiers were able to achieve accuracies of 72.3%,
76.52% and 77.48%, respectively.

The rest of the paper is structured as follows. In section 2, we provide neces-
sary background and problem formulation. In section 3, we describe our proposed
classifier. In section 4, we describe our simulation setup. The results obtained
through our proposed classifier on the simulation traces are discussed in sec-
tion 5. We, then, conclude in section 6.

2 Background and problem formulation

In wireless communication, a signal travels through air from the transmitter to
the receiver. If the signal is transmitted at a power level t (measured in dB), the
strength of the signal received by the receiver r (also in dB) is typically lower
than t. The difference in transmit and receive power levels, also known as power
loss (l), is due to various factors such as attenuation, fading and noise.

Power loss depends on various factors such as communication signal fre-
quency, distance between the transmitter and the receiver and the terrain. Re-
searchers have developed various models that allow estimation of the channel
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power loss given certain input parameters. Examples include free space path
loss model [9] and Hata model [11]. The two most important parameters in
path loss estimation are the distance between the communicating entities and
the frequency of the radio signal. To emphasize this dependence, we will denote
path loss as l(d, f), where f is the frequency of the signal and d is the distance
between the transmitter and the receiver.

A cellular network consists of a number of BTSs dispersed in a geographical
area, such that each BTS provides coverage to users in its vicinity. Each BTS
transmits radio signals that allow users in its vicinity to communicate using
the network. One of these signals is called a reference signal - each BTS has a
separate one. Every user is likely to receive the signals transmitted by several
nearby BTSs, however weak some of these signals may be.

While each BTS uses several channels at different frequencies, these frequen-
cies do not differ greatly. Furthermore, the path loss is a function of the log of
the frequency. Thus, for a given distance between transmitter and receiver, the
path loss is almost the same for all channels within a given operator’s network.
Thus, we consider path loss to be purely a function of the distance between the
transmitter and receiver, denoted l(d).

Consider a cellular network consisting of m BTSs b1, b2, . . . , bm located at
Cartesian coordinates (x1, y1), (x2, y2) . . . , (xm, ym), serving n users. Every
active user periodically transmits an MDT report to a network entity. This MDT
report consists of the user’s current location, signal strength and quality of the
four best reference signals the user is able to receive. In this paper, we consider
a slotted time operation whereby at discrete intervals, each user transmits an
MDT report.

We assume availability of training data in the form of MDT reports while
operating the network in various discrete known states where in each state all
BTSs are transmitting at the same power level. For instance, we may operate
all BTSs transmitting for some time at 43 dBm and call this state 0 of the
network. Then, for some time we may operate all BTSs transmitting at 40 dBm
and call this state 1 of the network. Then, for some time we may operate all
BTSs transmitting at 46 dBm and call this state 2 of the network. We label all
the received MDT reports with the state label of the network at that time.

An MDT report mj
i received from the jth user for the ith time interval

consists of the following fields:

– User location (xji , y
j
i ): The current x and y coordinate of the user element

(UE).
– RSRP1-4 (rji [1], rji [2], rji [3], rji [4]): The power of the four strongest reference

signals received from nearby BTSs, measured in dB. rji [1] is the strongest

and rji [4] is the weakest.

– RSRQ1-4 (qji [1], qji [2], qji [3], qji [4]): The signal quality of the above four
signals, also measured in dB. The signal power does not necessarily indicate
the quality of the signal. The signal quality may be thought of as its ability to
carry out intelligible high-speed communication. Factors such as interference
and signal to noise ratio (SNR) affect signal quality.
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– Label (sji ): We assume that we have labelled training data. Label sji repre-
sents the network state as perceived by user j in the ith interval. The label
could have different integer values representing different transmit power lev-
els, while one network state represents a failure of one of the BTSs.

3 Proposed Solution

Consider MDT report mj
i , emanating from user j in interval i. We calculate the

Euclidean distance of the corresponding user from each of the BTSs as:

d(uji , bk) =

√
(xk − xji )

2
+ (yk − yji )

2
(1)

The user is then considered associated to the base station bo where:

o = arg min
k

d(uji , bk) (2)

The corresponding distance from the nearest BTS is picked as: dji = d(uji , bo).

Then, the path loss l(dji ) is calculated corresponding to the distance dji . In the
present work, we use the free space path loss model, but any of the more sophis-
ticated models could be used easily.

Since the power levels are in dB:

rji [1] = tji − l(d
j
i ) (3)

Since the left hand side in the above equation is known from the MDT reports,
and the path loss is given by a path loss model, the transmit power can be
estimated as:

tji = rji [1] + l(dji ) (4)

The estimated transmit power for all MDT reports in a given interval can be
averaged to give:

ti =

∑n
i=0 t

j
i

n
(5)

We conducted a simulation study, which is formally described in section 4.
From the simulation trace data, we have plotted the mean estimated transmit
power ti for the duration of the simulation in Figure 2. We setup the simulation
such that network was in state 0 for the first 10 seconds, state 1 for the next
10 seconds, state 2 for the next 10 seconds and state 0 for the next 10 seconds.
During the last ten seconds, one of the BTSs was forecefully failed, so some
MDT reports were also labeled 3. State 3 represents the network state whereby
one of the BTSs has failed.
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Fig. 2. Estimate transmit power vs simulation time

From Fig. 21, it appears that the average estimated transmit power is nor-
mally distributed around a different mean for each class. We may safely assume
that the actual transmitted power is additively affected by a Gaussian variable
with certain mean and standard deviation. Furthermore, the additive Gaussian
distributions are independent for each class (different operating states vis a vis
transmit power level), but have the same standard deviation. Under these con-
ditions, we may calculate mean estimate transmit power for each class using
training data and classify a test MDT report to the network state that has
the closest average transmit power to the estimated transmit power for the test
instance [8].

4 Experiment Setup

A simulation study has been performed in NS-3 whereby 105 mobile users were
uniformly spread around 7 base stations. The base stations were spread regularly
on the grid as shown in Fig. 3, where each circle represents a base station. The
users were mobile and spread uniformly across the grid. The periodic (once every
0.2 ms) MDT report generated by each of the users were recorded for about 50
seconds. The data has been hand labeled so that each MDT report has been
assigned a label from the set {0, 1, 2, 3}. Labels 0, 1 and 2 represent normal
network conditions with distinct transmit power levels. An MDT report with
label 3 indicates that the corresponding user was previously being served by a
BTS that has failed. Only one BTS failure is simulated.

5 Results

We partitioned the simulation data into training and test split, where 80% of
the data was taken as training data. Due to sparsity of the class 3 instances, we
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Fig. 3. Network topology for the simulation

partitioned the data such that a random 80% of each class’ instances were in the
training set and the rest were in the test set.

From all the ti values from the training set that have label k, we pick the
maximum and minimum values as tkmax and tkmin, respectively. Here, k ∈ {0, 1, 2}.
Then, for classifying a test MDT report, we selected the thresholds shown in
Table 1.

Table 1. Classification rules for each class

Predicted class label Threshold on estimated transmit power

0 tji >
t0min+t1max

2

1
t0min+t1max

2
≤ tji <

t1min+t2max
2

2 tji ≤
t1min+t2max

2

The simple rules given in Table 1 form our classifier for cell state prediction.
However, this simple nearest distance classifier did not prove to be effective for
discriminating label 3, i.e., cell outage, from the remaining classes. The reason
is that with only one BTS failing, several users that are not in the vicinity of
the failed BTS are not affected by the failure. Such users would continue to
perceive the network in one of states 0, 1 or 2. The few users that are affected
by the failure estimate a different transmit power level. If a minority of users is
affected by a failure, it skews the average estimated transmit power for network
state 3 only slightly from that of a “healthy” network state. Thus, the average
estimated transmit power level for class 3 differs only slightly from one of the
other classes. A threshold-based classifier would not perform well.

This can be observed from Fig. 2. From time 40s to 50s, most of the BTSs are
operating in state 0, but the average estimated transmit power is pulled down
slightly by the few users that are in the vicinity of the failed cell.
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To classify class 3 instances, we devised the following two additional rules. If
either of the rules is true, the instance is classified as class 3.

Rule 1: Calculate the standard deviation of all estimated transmit power
values as σ = stdev(tji ). Instance mj

i is classified as class 3, if:

tji <
ti−1 + ti−2

2
–σ (6)

That is, if the estimated transmit power deviates from the mean estimated
transmit power for the last two intervals by more than the standard deviation
of estimated transmit power, an anomaly is flagged.

Rule 2: Label instance mj
i as class 3, if:

rji [1] <
rji−1[1] + rji−2[1]

2
(7)

. That is, if RSRP 1 has dropped below the mean RSRP 1 value observed by the
same user over the last two intervals, an outage is flagged. This is based on the
hypothesis that a user near a failed BTS would notice a sudden drop in the best
strength reference signal that they receive. For instance, in Fig. 1, if BTS1 fails,
user A’s RSRP1 value will drop significantly, because the best known reference
signal now traverses a much greater distance, thereby suffering much greater
path loss.

Based on this classifier, we were able to achieve the results given in Table 2.
The average accuracy for the classifier was 96%. The confusion matrix for the
classifier is given in Table 3.

Table 2. Accuracy, precision and recall for our cell state predictor

Average accuracy Average F1 score Average precision Average recall

96.09% 90.33% 87.62% 94.48%

Table 3. Confusion matrix for our classifier

Predicted Label
0 1 2 3

0 14536 105 105 334
True 1 210 5040 0 0
Label 2 0 210 5040 0

3 59 0 0 506

For comparison purposes, we trained three standard machine learning classi-
fiers on the same feature set. We performed k-fold validation on these classifiers
with k=5.
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For the decision tree classifier, the average classification accuracy achieved
was 72.3%. The confusion matrix for one of the folds for decision tree classifier
on our dataset is given in Table 4.

Table 4. Confusion matrix for decision tree classifier

Predicted Label
0 1 2 3

0 2469 359 147 20
True 1 359 546 129 16
Label 2 161 134 710 45

3 17 13 36 47

For the random forest classifier, the average classification accuracy achieved
was 76.52%. The confusion matrix for one of the folds for decision tree classifier
on our dataset is given in Table 5.

Table 5. Confusion matrix for random forest classifier

Predicted Label
0 1 2 3

0 2562 268 160 5
True 1 336 577 129 8
Label 2 145 93 794 18

3 17 19 39 38

For the SVM classifier, the average classification accuracy achieved was 77.48%.
The confusion matrix for one of the folds for decision tree classifier on our dataset
is given in Table 6.

Table 6. Confusion matrix for SVM classifier

Predicted Label
0 1 2 3

0 2618 216 161 0
True 1 385 534 131 0
Label 2 130 79 836 5

3 9 21 54 29

6 Conclusion

We used MDT reports from a simulation run to classify a cellular network’s
state in terms of its current transmit power and cell outage. We estimated the
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transmit power from the MDT reports and applied thresholding to classify the
healthy network’s state. We developed two simple rules to classify the single
cell outage state. Our classifier accuracy is 96%. Using the same feature set, the
standard SVM classifier with 5-fold validation achieved an accuracy of 77.48%.
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