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Abstract. Internet of things (IoT) based monitoring systems became
commonplace. These systems are built upon a large number of devices
and sensors. The data collection task of a large number of sensors and
devices in an IoT system includes a massive number of data commu-
nications. The more the number of devices, the critical is the network
bottleneck. In this context, the dual prediction scheme was proposed as
a solution for mitigating the large size of communication volumes. The
dual prediction scheme consists of a model for predicting future measure-
ments based on historical data. This model is duplicated on both sides,
the edge side (i.e., sensor) and the data collection device (i.e., cluster
head). The literature includes several works which proposed many dual
prediction schemes based on several techniques such as filters and moving
average. The literature does not include utilizing the ensemble learning
models. This motivates this work to investigate the gradient boosting
regression model’s performance compared to the existing solutions. The
proposed and state-of-the-art models are evaluated on a realistic dataset.
The obtained results show that the proposed model outperforms the
existing dual prediction schemes in terms of communication reduction.

Keywords: Dual prediction scheme · Gradient boosting · IoT ·
Monitoring system · Regression

1 Introduction

The Internet of Things (IoT) is a term used to enable the interconnection and
communication of various network-enabled devices (e.g., things) that generate
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and share data about their surroundings through a network [10,24]. The IoT
network is frequently comprised of many sensing devices (i.e., nodes) that are
deployed and dispersed across a vast geographical region [13].

Wireless Sensor Networks (WSNs) enable the creation of a diverse variety
of possible IoT applications, such as environmental monitoring (e.g., smoke,
humidity, temperature, and gas). Sensor devices in the IoT networks capture
massive amounts of real-world observation and measurement data. Continuous
data transfer between end devices (nodes) results in a massive communication
overhead over networks. As a result, the overall energy consumption of IoT appli-
cations increases significantly. Reduced data transmission between IoT devices
decreases significantly energy consumption and extends the network’s lifetime,
particularly in battery-powered nodes/networks [4]. Additionally, when identify-
ing a target of interest inside a monitoring surveillance region, it is important to
reduce the number of transmissions between sensors and the Fusion Center (FC)
in order to maximize network bandwidth efficiency [5]. In such techniques, the FC
makes a global determination about the target based on the sensor-transmitted
local determination of the target’s presence/absence [4].

Data transmission is a significant source of high communication proce-
dures and energy consumption in IoT networks. Additionally, data transmission
between end devices utilizes energy than data sensing [12,14,15,22]. In general,
network longevity and dependability are critical criteria for many IoT monitor-
ing application scenarios and ensuring that the cloud’s resources are utilized to
their full potential [19].

While these techniques can considerably reduce transmissions, they suffer
from performance degradation to increase the accuracy, necessitating the con-
stant updating of prediction models to include fine-grained changes [22]. Dual
prediction techniques [3,23,29] have been developed to overcome this issue. In
dual prediction schemes, the prediction model are deployed at the end point
nodes. That is, the same prediction model with the same parameters are run-
ning on the sensing device and the other device (e.g., cluster head) so that both
devices are predicting the same values using historical data of previous data
obtained from sensor nodes. Sensor nodes choose whether or not to broadcast
their observations to a central server based on the discrepancy between the pre-
dicted and real values (e.g., a gateway or a base station).

Dual prediction reduces the number of data transfers between the sensor and
the sink nodes to the possible minor level, requiring sensor nodes to communicate
just a subset of their felt values without compromising the accuracy of the actual
measurement results [8].

Several present research focuses on dual prediction models as proposed in
[6,25,26]. Optimizing the communication route between sensors is critical for IoT
networks to consume fewer energy [26]. To this aim, IoT networks are shifting
their focus to creating local techniques for data transmission reduction and delay
avoidance. Numerous publications, such as [4,6,22], used data reduction methods
to data gathered by sensor nodes in order to reduce data transmission in sensor
networks [25]. Data reduction is frequently accomplished by using predictive
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models that attempt to anticipate the present measured values of sensor nodes
based on the data they have already provided to a Base Station (BS) or a Cluster
Head (CH). In this scenario, measurements that may be anticipated are omitted
based on specific criteria such as accuracy, resulting in less data transfer between
nodes and a central server.

The same scenario applies between sensor nodes and CH; in principle, it
is determined by the network topology or its architecture. Interested readers
may study the influence of data prediction systems on the decrease of WSN
transmissions by consulting Dias et al. [8]. Kalman filters are used by Jain et al.
[20] to build a dual prediction method that anticipates future sensor data. As an
alternative to pre-existing information about sensor data approaches, Kalman
filters depend on a priori assumptions about statistical data characteristics (e.g.,
data distribution).

To the best of the authors’ knowledge, evaluation of ensemble learning mod-
els and their performance are not investigated yet. In this context, we proposed
the first ensemble learning model to be utilized in dual prediction schemes for
communication reduction. We framed the problem of sensors measurement pre-
diction as a time series problem. The historical measurements are used to train
the proposed model, and then the proposed gradient boost model is used to
predict the future sensors’ measurements. The main contributions of this paper
can be summarized as follows.

– To our knowledge, we proposed the first dual prediction scheme based on an
ensemble learning model.

– We evaluated the performance of the proposed scheme on a real-life dataset.
The results outlined that the proposed scheme outperformed the existing
methods.

The rest of this paper is organized as follows. Section 2 discusses the related
work of dual prediction schemes in the field of IoT. In Sect. 3, the proposed
system is exposed. The evaluation and expire mental results of the proposed
model are discussed in Sect. 4. Finally, the paper is concluded in Sect. 5.

2 Related Work

In this section, we discuss the existing methods for communication reduction in
IoT systems. These utilized methods can be classified based on the prediction
approach, such as adaptive filter and deep learning. Besides, the data reduction
task can be achieved by combining an additional task, e.g., data compression.

An architecture that combined both edge computing and online learning was
proposed to predict the future data for IoT search accurately. This architecture
was used to reduce the communication time between the layers of IoT search
architecture. Besides, minimize the continuous data queries and the upload oper-
ations done by the massively distributed sensors. To selectively report genuine
data, edge computing was done at the edge sensors to determine the overall
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transmission value of all data in the reporting cycle. The cloud layer was pri-
marily in charge of collecting the characteristics of reported data and adapting
the related prediction model in real-time [28].

In [16], a cost-aware dual prediction scheme model (CA-DPS) was presented
to cut down on data transmission between IoT sensor nodes and the fusion
center. The suggested CA-DPS technique selects the strategy that delivers the
lowest projected transmission cost from various options within a certain predic-
tion horizon. The future transmission cost was calculated by bootstrapping the
model residuals associated with each approach. The suggested technique yields a
substantial decrease in the communication required for a given error restriction,
according to simulation findings using both synthetic and actual measurement
data.

IoT applications consume a high amount of energy because huge data are
collected, measured, and transmitted. To reduce the giant consumption of energy
and extra load on communication, an adaptive method for data reduction (AM-
DR) was presented. The AM-DR approach used a convex combination of two
decoupled Least-Mean-Square (LMS) windowed filters with different sizes to
predict the next measured values at the source and CHs. Hence, sensor nodes
only have to transmit their instant sensed values that differ significantly from
the predicted values based on a pre-defined threshold [12].

As machine learning methods are successful utilized in different problem [1,
2,9,11,17,18], the authors of [21] employed both approaches as part of a two-
tier data reduction architecture. The DP method was used to minimize traffic
between CHs and sink nodes, whereas the DC scheme was used to reduce traffic
between cluster nodes and CHs. NNs, LSTMs, and OSSLMS machine learning
algorithms were used for the DP approach. Many DC techniques were used, such
as PCA, T-SVD, and NMF. For both DP and DC schemes, efficient methods were
constructed and compared in transmission reduction and accuracy. The ultimate
goal of this work is to conserve energy and bandwidth. Dual Prediction (DP)
and Data Compression (DC) techniques are employed to reduce the transmission
burden across WSNs.

A self-managing WSN architecture was proposed to aid sensor network opti-
mization at the application layer, combining cloud computing, data analysis, and
sensor networks. Additional processing should be avoided since sensor nodes have
limited resources. Using the Reinforcement Learning (RL) technique QLearning,
in reaction to changes in the environment, a new approach was devised to alter
the sample intervals of the sensor nodes. It allowed for the optimization of WSNs
by calculating the prediction methods (single or dual) and cloud service require-
ments for the applications. Business models might now focus on sensor data due
to the suggested self-managing architecture [7].

For WSNs, a two-stage dual prediction data reduction method was developed.
The initial stage was data reduction, which attempted to reduce the number of
transfers between the sensor and sink nodes. If the gathered data is redundant,
predictable, or incorrect, it will be deleted for transmission. To ensure data
dependability, incorrect data at the sensor nodes is deleted and replaced with
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predicted values at the sink node. The Kalman Filter prediction algorithm was
used at the sink node to forecast non-transmitted data from end nodes in the
second stage [27].

This discussion outlined that there are several methods proposed for com-
munication reduction using dual prediction schemes. While there are several
machine learning models utilized in dual prediction schemes, but to our knowl-
edge, none of these methods utilized the ensemble learning predictive models.

3 The Proposed System

In a Dual Prediction Scheme (DPS), sensing devices/nodes send environmental
monitoring data collected to the Gateways (GWs) during an initiation phase
in order to pick a prediction model [22]. The GW and sensor nodes may pick
their own prediction models; on the other hand, sensing nodes may choose their
own prediction method and send the predictive model’s parameters values to the
GW; or, alternatively, the GW may grant the decision to select the prediction
method for the group of sensors. Making a decision regarding which prediction
model to use can be made at run-time, and it is not essential to commit to a
strategy for the whole lifespan of the WSN.

Sensor nodes can take advantage of their closeness to the data source after
selecting (and distributing) the prediction models. When it comes to transmit-
ting actual measurements, they can only do so if their forecasts are incorrect.
Sensor nodes and GW may start a new initialization phase and pick new pre-
diction models if the accuracy of predictions is compromised from time to time.

The proposed dual prediction scheme is composed of successive phases where
phases’ transitions are based on a predefined parameters which represents the
number of miss-predicted observations. By the end of each phase, the model
parameters are updated to fit final data pattern to start a new phase. Then, the
updated model parameters are sent to the sensor node to resume the prediction
task.

Before any prediction model is adopted, the startup step guarantees that
the GW has comprehensive environmental knowledge. As a result, following this
phase, the GW may use the same prediction models as the sensor nodes without
transmitting anything new. The sensor nodes’ and GW’s activities are depicted
in Fig. 1. Different prediction methods can be selected frequently depending on
the information that is concurrently accessible to sensor nodes and the GW. As
a disadvantage, the diversity of prediction models is limited by the sensor nodes’
memory and processing capacity constraints. The Least Mean Squares (LMS)
technique has produced accurate predictions in simulations in which sensor nodes
and GW created their prediction models separately [22,25]. For instance, in one
situation, just 10% of the data would be required to monitor room temperature
correctly [22].

In the proposed dual prediction scheme, we proposed using a gradient
boosting on decision trees (i.e., Catboost1) as the predictive model. The
1 https://catboost.ai/.

https://catboost.ai/


A Novel Dual Prediction Scheme for Data Communication Reduction 213

Fig. 1. The proposed dual prediction scheme.

ensemble learning model trains on the historical sensor measurements, and then
the trained model is used to predict future measurements. We proposed training
the catboost system on lagged data. The lag value in the proposed model is
tunable. Thus, the best value can be determined based on the nature of the data
patterns. Besides, the update mechanism of the proposed dual prediction scheme
depends on the number of predicted measurements. In other words, the user of
the proposed scheme can decide when the predictive model is updated/retrained
after a tunable number of mispredicted values.

4 Results and Discussion

4.1 Dataset

The dataset is publicly available online2. The data are collected from three sens-
ing devices. The collected data are measurements for carbon monoxide (CO),
humidity, liquid petroleum gas (LPG), smoke, and temperature. We examined
the proposed method performance using 10, 000 observations of the smoke values
as representative for the other features. In other words, the data transmission
reduction rates for the smoke values should be the same for the other features.

4.2 Setup

All the experiments framework are developed in the Python Programming lan-
guage. We compared the proposed system against two well-known state-of-the-
art methods, namely LMS [22], and AM-DR [12]. We used a lag value equal to
2 https://www.kaggle.com/garystafford/environmental-sensor-data-132k.

https://www.kaggle.com/garystafford/environmental-sensor-data-132k
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three for all methods of comparison. Besides, we set the filter weights for the
LMS as the default reported values, and we used the weight of 4 and 8 for the
AM-DR method.

Experiments are conducted using three IoT sensing devices to evaluate the
proposed model performance when data from different devices are used. The
proposed approach and the comparative methods of comparison are evaluated
in terms of transmission reduction percentage of the environmental data when
different error-thresholds are used, the number of experiment’s phases, and the
number of miss-predictions. Data reduction percentage metric is defined in the
base of Eq. 1.

data reduction ratio =
NT

S
× 100 (1)

where NT denotes the not transmitted observations (miss-predictions) count,
and S is the total number of sensed observation.

4.3 Experimental Results

The first experiment examines the data reduction percentages when various
error-threshold values are employed. For that purpose, we tested a wide range
of error-threshold for three different sensors (i.e., sensing devices), as shown in
Fig. 2. The Figure depicts the data reduction percentages for forecasting smok-
ing values. In this experiment, the model is trained using 1, 000 observations and
is tested using 10, 000 observations. Obviously, the higher the tolerance (i.e.,
threshold value), the higher the obtained data reduction rates. The proposed
predictive model achieved the highest reduction rates compared to the other
comparison methods for the three devices. Figure 2 clarifies that the proposed
scheme has a significant performance gap compared to the LMS methods. On
the other hand, the performance gap between the proposed and AM-DR meth-
ods varies for the different utilized devices. However, the overall performance of
the proposed method outperformed the AM-DR method.

The second part of the results is about the performance of the proposed pre-
dictive model under different parameter values. We studied the effect of selecting
a different number of mispredicted measurements on the data reduction and the
number of model updates (i.e., phases) in Fig. 3. In Fig. 3(a), when the pre-
dictive model is updated after one mispredicted value, the data reduction was
about 94.4%. Similarly, when the experiment was run with updating the predic-
tive model after each five mispredicted values, the data reduction rate increased
to almost 95%. Then, the data reduction rate decreased kept fluctuating as the
number of mispredictions to update the model parameter increased. Thus, there
is no clear relationship to decide the optimal number of mispredicted values to
update the model. The user should examine this value to pick the optimal value
based on the nature of the data at hand. In Fig. 3(b), the relationship between
the number of times the model needed to be updated (i.e., phases), the y-axis,
in correspondence to the number of mispredicted values needed to update the
model, the x-axis. It is clear from Fig. 3 that the higher is the allowed number
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(a) Device 1

(b) Device 2

(c) Device 3

Fig. 2. Comparison of the proposed method, AR-DR, and LMS filters on data reduction
rates.
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(a) Number of mispredictions for updating the model vs. the data reduction rate

(b) Number of misprediction for updating the model vs. the number of phases

Fig. 3. The effect of different number of misprediction for updating the model on the
performance.

of mispredicted values, the less is the number of required times to update the
model.

In addition, we validated the accuracy of the model under different volumes
of the training dataset in Fig. 4. In Fig. 4(a), the data reduction increases as the
training data increases; This is linked to the model accuracy. The more is the
data; the better is the model accuracy. Similarly, in Fig. 4(b), the number of
mispredicted readings decreases as the training data increases.

4.4 Limitations

The proposed scheme has certain restrictions and underlying assumptions that
must be considered. As a starting point, we present the scheme’s assumptions.
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(a) Different training sizes vs. data reduction rates.

(b) Different training sizes vs. number of mispredictions for model updating.

Fig. 4. The effect of training size on the model accuracy.

Fog and edge computing architectures are suggested as WSN devices have lim-
ited processing power and energy. For that purpose, We take into account an
IoT system in which data is exchanged between a cluster head and a sensing
node. Generally, the proposed scheme considers similar situations where com-
munication takes place between two end nodes communicating together with
such comparable fog or edge computing architectures. One of the main limita-
tions is that we suggest that the cluster head endpoint has an active and direct
connection to a powerful and battery-powered device (i.e., fog device) to process
the data and develop the required machine learning model. Meanwhile, the other
endpoint has a the ability to process data, or is connected to an external edge
device (e.g., Raspberry Pi).

The second limitation is that with the assumptions mentioned above are met,
the training and updating procedures of the model might resume for few seconds.
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Thus, that may result in a few or ten/hundred missed observations for specific
time windows. Another issue is that the machine learning model must be sent
from the fog device to the edge device, which takes kilobytes of data to simulate
the energy use during this procedure.

5 Conclusion

The communication volumes in IoT-based monitoring systems are massive. One
possible solution for this bottleneck in these monitoring systems is the dual pre-
diction scheme. In this scheme, the sensors and CH predict the sensor’s future
measurements using the same predictive model. Only miss-predicted measure-
ments are transferred from the sensing device to the CH if the difference between
the real and predicted measurements is higher than a predefined threshold. In
this vein, we proposed an ensemble learning model (i.e., gradient boost) as the
predictive model in this scheme. The proposed predictive model performance
is evaluated against state-of-the-art methods on a real-life environmental data
of various attributes. The proposed model achieved a communication reduction
reached 99%, which outperformed the existing methods.
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