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Abstract
In this paper, the problem of workload prediction for the massive machine type communication (mMTC)
networks in a remote monitoring system has been studied for enabling proactive resource scheduling.
Therefore, first, we identify the key wireless network environment features and preprocess the features
using the Density-based spatial clustering of applications with noise (DBSCAN) algorithm. As a result,
the mMTC sensors and devices are clustered in a group and labeled as monitoring zones which reduces
the sparsity of the observation space. Second, we apply a deep learning model, named Long short-time
memory network (LSTM) to predict the workload of different monitoring zones in the mMTC network over
the time horizon. Finally, we perform the simulation analysis on a real wireless environment dataset and
show the effectiveness of the proposed approach.

1. Introduction
Over the years, the Internet of Things (IoT) based data
services have become prominent and the number of IoT
devices in the network continues to grow exponentially
[1]. Therefore, the IoT data services and applications
has been broadly categorized into three main types
such as, enhanced mobile broadband (eMBB), ultrareliable and low latency communication (URLLC), and
massive machine type communication (mMTC)
considering the dynamics of the traffic and stringent
quality of service (QoS) requirements [2][3]. Moreover,
in the era of big data, careful planning is necessary for
the mMTC data services that generate a massive
amount of environmental data for different IoT
applications such as, remote monitoring system [4],
ambient assisted living system [5], medical cyber
physical system [11], etc. Furthermore, the mMTC data
services are necessary to provide up-to-date
information at any remote monitoring sites for rigorous
data analysis.
In [6], the authors have proposed LSTM for finding the
temporal energy demand and reduced the root mean
squared error (RMSE). In [7], the authors proposed a
recurrent neural network based energy demand
prediction in the smart-grid framework. In [8], the
authors proposed a short-term traffic forecast in the
intelligent transportation system.

The main contribution of the paper is to propose, first,
a Density-based spatial clustering of applications with
noise (DBSCAN) algorithm to discretize the monitoring
zones in the mMTC network. Second, using the
preprocessed data, we apply the long short-term
memory (LSTM) network based workload prediction for
the mMTC network considering a remote monitoring
environment. Finally, we perform experiments on real
workload dataset for evaluating the efficacy of the
proposed approaches.
2. LSTM Model for Workload Prediction
In Fig. 1, we consider massive machine type
communication network 𝑚 number of mMTC wireless
gateways 𝑀 = {1, … , 𝑀} are deployed for remote
environment monitoring. Each 𝑚 ∈ 𝑀 aggregates
environmental sensing data from as set of mMTC
sensors and devices 𝐾 which are resource constrained
devices use the short-range communication medium
for data transmission. Therefore, we consider each
mMTC gateway works as aggregator for different
monitoring zones 𝑍𝐾 . The on-site controller 𝑂
designates the monitoring zone using the clustering
method considering different deployment features.
Since the buffer capacity of the mMTC devices are
limited, therefore, the mMTC devices transmits the
aggregated data from different data sources to the
nearest SBSs 𝑛 ∈ 𝑁 for enhanced application specific

1312

2019년 한국컴퓨터종합학술대회 논문집

data services.

Figure 1 System model for workload prediction in
mMTC
Since the data from different observation zones 𝑍𝐾 at
each 𝑚 ∈ 𝑀 arrives in a sequential pattern, the data
offloading requests from 𝑚 ∈ 𝑀 to 𝑛 ∈ 𝑁 also
arrives in a sequential pattern. Therefore, we model the
LSTM model for real-time prediction of request
workload of 𝑍𝐾 to 𝑛 ∈ 𝑁. We also consider the uplink
co-channel interference between the mMTC gateways
and the SBSs. This feature is covered in the dataset that
we have utilized for the workload prediction. In the
experiment results we discuss about different aspects
of the dataset.
A memory cell is the core unit of a LSTM network[6]
where the input of the historical data at a time 𝑡 is fed
in the cell of the LSTM. The components of the LSTM
cell is defined as forget gate 𝑓𝑡 , candidate layer 𝐶̂𝑡 ,
input gate 𝐼𝑡 , hidden state 𝐻𝑡 and memory state 𝐶𝑡 .In
this model we apply sigmoid function for input gate,
forget gate, output gate and tanh function for candidate
layer. Moreover, the hidden state and memory state are
represented as vectors. The input of the LSTM cell 𝑋𝑡 =
{𝑥1 , … , 𝑥𝑗 } is based on the preprocessed workload data
features 𝑥𝑗 from the observation zones. The forget gate
at 𝑡 is defined as,
𝑓𝑡 = 𝜎(𝑋𝑡 ∗ 𝑈𝑓 + 𝐻𝑡−1 ∗ 𝑊𝑓 )
(1)
In (1), 𝑈𝑓 and 𝑊𝑓 are the weights of the forget gates.
In the candidate layer we apply the tanh function as the
squash function which is represented as,
(2)
𝐶̂𝑡 = tanh(𝑋𝑡 ∗ 𝑈𝑐 + 𝐻𝑡−1 ∗ 𝑊𝑐 )
In (2), 𝑈𝑐 and 𝑊𝑐 are the weights of the forget gates in
the candidate layer. The input gate 𝐼𝑡 is defined as,
(3)
𝐼𝑡 = sigmoid(𝑋𝑡 ∗ 𝑈𝑖 + 𝐻𝑡−1 ∗ 𝑊𝑖 )
In (3), sigmoid function squashes the input vector
where 𝑈𝑖 and 𝑊𝑖 are the weights of the input gates.
Subsequently, the current state cell memory is defined

in (4) as,
(4)
𝐶𝑡 = 𝑓𝑡 ∗ 𝐶𝑡−1 + 𝐼𝑡 ∗ 𝐶̂𝑡
The output of the LSTM cell is squashed by the sigmoid
function and represented as,
(5)
𝑂𝑡 = sigmoid(𝑋𝑡 ∗ 𝑈𝑜 + 𝐻𝑡−1 ∗ 𝑊𝑜 )
In (5), 𝑈𝑜 and 𝑊𝑜 are the weights for the output gate.
Finally, the hidden state is defined with the tanh function
in (6) as,
(6)
𝐻𝑡 = 𝑂𝑡 ∗ tanh(𝐶𝑡 )
At each time 𝑡, 𝐶𝑡 and 𝐻𝑡 are transmitted to the next
time 𝑡 + 1 and the whole process is repeated. The
LSTM model is executed at the on-site controller and
the trained model is dispersed to the mMTC gateways.
The mMTC gateways then can utilize the prediction
model to proactively allocate the network resource to
the different observation zones.
Table 1: Experiment Settings
Number of features
Test dataset size
Epochs
Batch size
Learning rate
Decay
Optimizer

19
0.33
30
512
0.001
1e-6
Adam optimizer [9]

3. Experiment Results
In the experiment, we use the dataset [10] for
predicting the workload of the mMTC network. The
dataset
contains
various
KPI
performance
measurements which are discussed in detailed in [10].
The preprocess the data using the DBSCAN where
different mMTC sensors and devices are clustered
based their location, SNR, and speed. Then we frame
the dataset as a supervised learning problem and the
input variables are normalized.
The we perform integer encoding on the zone label
feature obtained from the DBSCAN. Subsequently, we
define and fit the model where we split the dataset into
training and testing dataset. The experimental settings
are discussed in table 1. The loss of the forecast results
is measured using the mean-squared-error (MSE).
In Fig. (2), we evaluate the workload prediction
accuracy using the mean-squared-error where the
training accuracy is 76.7% whereas the testing
accuracy is 76.4%.
In Fig (3), we show the workload prediction for a single
zone over different 100 timeslots. The arrival of the
workloads is designed as binary variable where 1 means
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Figure 2 Training and testing accuracy over epochs

Figure 3 Workload prediction at different timeslots
for single observation zone

request and 0 mean no request. There are some
discrepancies between the actual arrival of the
particular zone and the forecast result which can be
reduced by training with large dataset and fine-tuning.
4. Conclusion
In this paper, we have proposed an LSTM model for
workload prediction in Massive Machine Type
Communication (mMTC) Networks. The design of the
LSTM model is suitable for the time-series prediction
with heterogeneous workload arrival. The experiment
results illustrate the effectiveness of the proposed
approach on real workload dataset. In future, we will
extend the paper considering the proactive resource
allocation using the current model.
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