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Abstract In Internet of Things (IoT) environments, networks of sensors, actuators,

and computing devices are responsible to locally process contextual data, reason and

collaboratively support aggregation analytics tasks. We rest on the edge computing

paradigm where pushing processing and inference to the edge of the IoT network

allows the complexity of analytics to be distributed into many smaller and more

manageable pieces and to be physically located at the source of the contextual infor-

mation it needs to work on. This enables a huge amount of rich contextual data to be

processed in real time that would be prohibitively complex and costly to deliver on a

traditional centralized cloud/back-end processing system. We propose a lightweight,

distributed, predictive intelligence mechanism that supports communication efficient

aggregation analytics within the edge network. Our idea is based on the capability

of the edge nodes to perform sensing and locally determine (through prediction)

whether to disseminate contextual data in the edge network or to locally re-construct

undelivered contextual data in light of minimizing the required communication inter-

action at the expense of accurate analytics tasks. Based on this decision making, we

eliminate data transfer at the edge of the network, thus saving network resources for

sensing and receiving data, by exploiting the nature of the captured contextual data.

We provide comprehensive experimental evaluation of the proposed mechanism over

a real contextual dataset and show the benefits stemmed from its adoption in edge

computing environments.
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1 Introduction

Edge analytics is an approach to efficient contextual data collection and analysis in

which computation is performed on sensing devices (sensors, actuators), network

switches or other devices (concentrators) instead of transmitting the whole data to a

centralized computing environment, e.g., the cloud. Edge analytics has gained atten-

tion as the Internet of Things (IoT) paradigm of connected things (e.g., sensors, actu-

ators, controllers, concentrators) has become more prevalent [1]. The edge of the IoT

is where the action is. In IoT environments, high data rate sensors, e.g., video camera,

environmental sensors, smart meters are becoming ubiquitous. Today, most high data

volumes obtained from such sensors are stored close to the point of capture, and only

a few are transferred to the cloud. In future, sending all the data from billions of IoT

devices to the cloud can overwhelm the existing infrastructure. To overcome these

issues, Edge Computing (EC) [2, 3] is emerging bringing contextual data processing,

networking, and analytics closer to the IoT devices and applications.

EC represents a shift in which intelligence is pushed from the cloud to the edge,

localizing certain kinds of analysis, e.g., aggregation operators over data streams

and local decision-making [4]. This enables quicker response times, unencumbered

by network latency, as well as reduced traffic, by intelligently processing and relay-
ing the appropriate analyzed data to the cloud. A primary benefit of edge analytics

is scalability. Pushing analytics algorithms to IoT devices alleviates the processing

strain on enterprise data management and analytics systems, even as the number of

connected devices being deployed by organizations—and the amount of data being

generated and collected—increases [5]. By 2020, its projected there will be anywhere

from 25 to 50 billion things connected to the IoT, i.e., up to seven connected things

for every person on Earth. We can anticipate that these billions of connected things

will generate data volume far in excess of what can easily be processed and analyzed

in the cloud dealing with energy constraints (network lifetime), limited bandwidth,

and network latency [6]. Unlike the cloud infrastructure, edge network exhibits the

following properties: (i) heterogeneous hardware, (ii) unreliable low bandwidth com-

munication network, (iii) limited, on-board energy budget and limited processing

power. Moreover, edge analytics algorithms should not rely on any central coor-

dinator and must be fault-tolerant as node/link failures are a common occurrence.

Transferring large volume of data to cloud using low-power radio is often unfeasible

due to energy and bandwidth limitation.

We envisage the edge of a network as a site for off-loading bandwidth and energy

hungry sensor data. To generate value out of the large volume of data on the edge, we

need energy-efficient, communication-efficient, autonomous, and lightweight con-

textual information processing algorithms. We abstract an edge network architec-

ture through edge nodes forming a layer between sensing/actuator nodes and the

cloud. Several Sensing and Actuator Nodes (SAN) are connected to each Edge Node

(EN), e.g., cloudlet, sink node, powerful smartphone. Since ENs are located close

to the SANs, contextual data should be intelligently transferred to them in real-time

and in an energy efficient manner. Each SAN performs measurements and locally
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determines whether to transfer these measurements to the ENs or not in light of min-

imizing the required communication interaction (overhead) at the expense of accu-

rate analytics tasks performed on the ENs. Based on this context, our idea rests on

locally predict whether to disseminate sensed data or not within an edge network to

achieve quality analytics by being energy efficient. In other words, we attempt to

eliminate data transfer at the edge of the network, thus saving network resources for

sensing and receiving data, by exploiting the nature of the captured contextual data.

However, this comes at the expense of the quality of analytics tasks.

The fundamental requirement to materialize such predictive intelligence at the

edge network is (i) the autonomous nature of SANs to locally perform sensing and

disseminate data under analytics quality-driven rules and (ii) the capability of the

ENs to locally perform lightweight and robust analytics tasks over the data received

from their connected SANs. Our major goal is to examine the impact of this predic-

tive intelligence on the quality of the aggregation analytics tasks on the ENs in light

of extending the edge network lifetime and being communication efficient.

2 Overview and Motivation

2.1 Aggregation Analytics

All pieces of context captured by SANs and ENs in IoT environments, in general,

contextual information sources are considered as continuous data streams, where

analytics tasks are applied to extract statistical dependencies, aggregate analyics

tasks, and infer new knowledge. Context-aware applications, crowd-sensing applica-

tions in IoT [7, 8], environmental and geophysical monitoring [9], e.g., forest moni-

toring [10–13] (through unnamed vehicles), agriculture monitoring [14], road traffic

monitoring, surveillance, video analytics [15], marine environment monitoring [16],

watershed monitoring systems [17, 18] and statistical analytics applications over

large-scale data streams require efficient, accurate and timely data analysis in order

to facilitate (near) real-time decision-making, data stream mining, and situational

context awareness in IoT environments. The IoT computing devices revolutionize

sensing in a wide range of application domains because of their reliability, accuracy,

flexibility, cost effectiveness and ease of deployment. A contextual data stream con-

tains values from contextual parameters corresponding to sources (e.g., humidity and

temperature sensors of a smart-phones). A set of sources (e.g., mobile sensing and

computing devices) captures contextual information representing e.g., a geographi-

cally monitored area or the condition of a road network. Context-aware and IoT appli-

cations exploit all such context, for instance, to (i) obtain the most affected areas by a

fire in the last twenty minutes, (ii) identify a concept drift in certain parameters from

eleven o’clock in the morning up to now by applying aggregation functions overs

contextual values (e.g., SUM, AVG), (iii) infer the top-k recent congested segments of

city road networks, or (iv) obtain regularly the highest pollution level within a time
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horizon in a smart city. Many critical IoT applications have been developed on top of

contextual data streams captured by IoT devices for events identification. Events are

related to critical aspects, e.g., security issues or violations of predefined constraints.

For instance, in security and environmental monitoring applications, a monitoring

infrastructure is imperative to apply an efficient mechanism to derive alerts when

criteria are satisfied [19].

2.2 Overview and Literature Review

A baseline approach for materializing analytics tasks on the cloud is simply all IoT

devices to transmit the contextual data from all sensing nodes to certain sink nodes,

or back-end system. This has been realized in many previous studies [20–22]. In this

case, analytics tasks are carried out by the back-end system on the cloud only, and not

by the SANs or ENs at the edge of the network, despite their increasing computing

capacity. Evidently, this solution, while practical, has many disadvantages, such as

a high energy consumption incurred by transmitting the raw data to the cloud, the

need for wireless link bandwidth, and high latency [3].

In the era of EC, instead, the desiderata are:

∙ push the analytics tasks close to the contextual data sources, i.e., to the ENs and

∙ push intelligence to SANs and ENs to collaboratively support edge analytics. ENs

have to intelligently communicate with the SANs in an energy-efficient way, since

communication efficiency is crucial to the prolonged lifetime of the edge network

to support edge analytics.

We have distinguished two basic methods for edge analytics. The first method is

based on the observation that the SANs and ENs, capable of local computation and

sensing, create the possibility of analyzing and building (training) analytics models

in a distributed way. In this class of edge analytics, e.g., [23–25], contextual data

and/or model’s meta-data are circulated within the edge network, which evidently

requires energy for data and meta-data dissemination adding extra communication

overhead. The second method refers to a group-based communication and single

localized computation/processing scheme e.g., [13, 20, 26–30]. In this approach, an

EN is responsible for a group of SANs and maintains a set of historical contextual

data of each SAN within the group. Such localized method is communication effi-

cient due to the reduced length of routing path from SANs to the cloud. To support

such type of edge analytics, energy is consumed on communication, i.e., sending and

receiving data from SANs to the EN, and computation, i.e., ENs are processing local

data. However, since the cost of local processing and analytics tasks is nontrivial, we

should take into account the trade-off between intra-edge-network communication

and localized computation [31].

Both above mentioned basic methods are required to be efficient to support edge

analytics in terms of computation and communication. The computational efficiency

of the analytics tasks is a challenging research area, where recently distributed and
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large-scale statistical and machine learning algorithms emerge, e.g., [32]; this is

beyond the scope of this paper. In the edge network communication aspect, we elab-

orate on the mechanism of the selective data delivery, which is adopted in many dis-

tributed computing and sensors environments [31]. We argue that this mechanism

can be adopted on EC environments and support communication-efficient edge ana-

lytics. Specifically, this mechanism relies on the principle of bounded-loss approx-

imation: a network node locally decides on delivering its sensed data to a network

node based on local predictions of representative contextual data, which approxi-

mate the actual data given an approximation error bound. The intuition behind this

decision is that if a sensed value x on a sensing node is close to the predicted value

x̂ (predicted locally on the sensing node), there is not much benefit by delivering x
to the node dedicating for further processing, i.e., the EN in our case. Otherwise,

it is important for the EN to consider x to proceed with accurate analytics tasks.

Evidently, there is a trade-off, that we should pay attention, between contextual data

communication and accuracy of analytics due to approximation. On the one hand, by

selectively sending and receiving contextual data within an edge network increases

the network life time and the available bandwidth, since less data are circulated. On

the other hand, this comes at the expense of quality of the analytics tasks, due to

local processing with deliberately approximated data at the EN. This requires that:

∙ The EN employs a mechanism to re-construct the undelivered data in light of pro-

ceeding with processing and analytics tasks.

∙ The SAN is equipped with computation capacity for real-time prediction of x̂. This

requirement is already provided by EC environments, where IoT devices are armed

with both: sensing and computing capabilities.

In this paper we propose an intelligent mechanism that makes use of all available

resources and capabilities in the edge network to support edge analytics.

2.3 Contribution and Organization

The principle of selective data delivery for supporting edge analytics is not directly

adopted. Though, it should be adjusted to split the predictive intelligence to the SAN

and the EN: the former node locally predicts the expected data and locally decides on

their delivery given an approximation error bound; the latter node locally predicts/re-
constructs the undelivered data in case that the SAN decided not to deliver. Through

this intelligence split, we introduce a mechanism to support all the above mentioned

edge-analytics methodologies. That is, such predictive intelligence is applied before

a SAN needs to communicate with an EN for an analytics task, while the EN should

re-construct the un-delivered data before proceeding with the scheduled analytics

task. Should the IoT applications tolerate some error in the derived analytics task,

like prediction accuracy and quality of aggregation and data fusion operators, then

this mechanism can be communication efficient hired for edge analytics, as will be

shown in our performance Sect. 5. We show that our mechanism can provide aggre-
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gation analytics tasks in the edge network. The fundamental question that we pose

in this work is: Is predictive intelligence on SANs and ENs efficient by trading qual-
ity of aggregation analytics for communication saving? In this paper we study the
impact of this mechanism on edge analytics in terms of efficiency by sacrificing

quality of analytics results. The aim is to achieve a significant increase in the edge

network lifetime by tolerating quality of the analytics tasks.

To the best of our knowledge this is a first mechanism that explores the potentials

of predictive intelligence on the EC paradigm under the concept of analytics to the

edge. The key contributions in this paper are:

– We present a decentralized predictive intelligence mechanism within an edge net-

work with SANs and ENs for supporting edge analytics in a communication effi-

cient way;

– The proposed mechanism is evaluated for showcasing the trade-off between accu-

racy (quality) of edge aggregation analytics operators and communication over-

head;

– We propose certain light-weight re-construction policies for ENs with O(d) com-

putational complexity in a d-dimensional data space using exponential smoothing

as a selective data delivery mechanism.

– We evaluate the mechanism using real contextual data from sensors and actuators

networks.

The paper is organized as follows: In Sect. 3 we present our rationale and basic

concept of the edge predictive intelligence formulated by certain definitions, pre-

liminaries, and the fundamental metrics for evaluating the proposed mechanism.

Section 4 reports on the predictive intelligence split to the SAN and EN perspec-

tives elaborating on certain policies for data delivery and re-construction. In Sect. 5

we showcase the performance of the proposed mechanism with a real contextual

dataset, while Sect. 6 concludes the paper with future research agenda on edge ana-

lytics.

3 Edge Predictive Intelligence

3.1 Rationale

We consider an edge network with connected ENs forming an arbitrary topology.

Each EN j is connected with nj SANs in a tree-like topology with root the EN and

leaves its SANs as shown in Fig. 1. A SAN i is connected with its unique EN j and

j = {1,… , nj} denotes the SAN set of the EN j, i.e., i ∈ j.

A SAN i at every time instance t = 1, 2,… senses a d-dimensional row vector

𝐱t = [x1t,… , xdt] ∈ ℝd
of contextual parameters, like temperature, humidity, sound,

wind speed, air pollutant chemical compounds, etc. Hereinafter, we refer to 𝐱 as

context vector. The SAN i can communicate with its EN j in the edge network by
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SAN i

EN j

EN
EN

Cloud

Cloud

SAN

SAN

Predictive analytics

Aggregation analytics

IoT Sensors & Actuators

IoT Edge network

Fig. 1 The edge network with the ENs and the corresponding SANs provide communication effi-

cient analytics to end-users, analysts, and to IoT applications

transferring context vectors. To materialize the proposed predictive intelligence, the

SAN i is equipped with a context vector prediction algorithm fi(𝐱t−1,… , 𝐱t−N), which

uses the recent past N ≥ 1 sensed context vectors stored in a sliding window  of

size N to predict the context vector 𝐱̂t at time instance t. That is:

𝐱̂t = fi(𝐱t−1,… , 𝐱t−N) = fi() (1)

and window  = (𝐱t−N ,… , 𝐱t−1). The SAN i, after actually sensing the context vec-

tor 𝐱t at time t, locally predicts the predicted context vector 𝐱̂t, thus, the local pre-
diction error is:

et = ‖𝐱t − 𝐱̂t‖ (2)

where ‖𝐱‖ = (
∑d

k=1 x2k)
1∕2

is the Euclidean norm of 𝐱. Such prediction capability

yields the SAN able to decide whether to send context vectors 𝐱 to its EN j or not for

further processing. SAN i relies on a 𝜃-based context vector delivery decision rule:

∙ Case 1 If the predicted 𝐱̂t differs from the actual sensed 𝐱t with respect to a decision
threshold 𝜃 > 0, i.e., et > 𝜃, then the SAN i sends the actual 𝐱t to the EN j.

∙ Case 2 Otherwise, i.e., et ≤ 𝜃, the SAN i does not send 𝐱t to the EN j. In this

case, the EN j is responsible for reconstructing a context vector locally for further

processing.
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In Case 1, the EN j receives the transmitted context vector 𝐱t from SAN i. In Case

2, the EN j is equipped with a re-construction function

𝐱̄t = gj(𝐮t−1,… ,𝐮t−M) = gj() (3)

of the recent M ≥ 1 context vectors 𝐮 from a sliding window  = (𝐮t−M ,… ,𝐮t−1)
to locally predict (reconstruct) the undelivered vector 𝐱t, notated by 𝐱̄t through his-

torical context vectors. Specifically, the context vectors 𝐮 in the EN’s sliding window

j correspond to either the actual received context vectors 𝐱 from the SAN i (Case

1) or the past locally re-constructed context vectors 𝐱̄ from gj (Case 2), i.e.,

𝐮t =
{

𝐱t if et > 𝜃 (Case 1)

𝐱̄t = gj() , otherwise; (Case 2)

The re-construction difference at the EN j is then:

at =
{

0 Case 1,

‖𝐱t − 𝐱̄t‖ Case 2.
(4)

The sliding window at SAN i contains only actual (sensed) context vectors 𝐱,

while the sliding window at EN j contains either actual context vectors 𝐱 (received

from SAN i) or re-constructed context vectors 𝐱̄ locally generated by EN j. The differ-

ence (norm) between the predicted context vector 𝐱̂ on SAN i and the reconstructed

context vector 𝐱̄ at EN j is ‖𝐱̂ − 𝐱̄‖ = ‖𝐞 − 𝐚‖, with 𝐚 = 𝐱̄ − 𝐱 and 𝐞 = 𝐱̂ − 𝐱. This

difference is zero when both the predictor and the re-constructor on SAN i and EN

j, respectively, result in the same error. Overall, when et > 𝜃, the reconstruction dif-

ference at = 0, while when et ≤ 𝜃, the reconstruction difference at ≥ 0.

Goal: Given a decision threshold 𝜃 > 0 at SAN i, we study the performance of

certain aggregation analytics tasks on EN j. We qualitatively derive sufficient con-

ditions for this and reveal that the decision is a function of both the desired error

bound and the correlation among the sensed contextual data values. When the deci-

sion threshold is very tight or the correlation is not significant, the SAN i always has

to send its context vectors to the EN j. Due to the characteristics and inherent dynam-

ics of the SANs’ contextual data, when the underlying data distribution evolves over

time, prediction techniques may not work efficiently for a set of less predictable con-

textual data. We provide certain definitions and preliminaries before elaborating on

our distributed intelligence mechanism.
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3.2 Definitions and Problem Formulation

Definition 1 (Sliding Window) A sliding window  is specified by a fixed-size

temporal extent N > 0 (‘horizon’) by appending new context vectors and discard-

ing older ones on the basis of their appearance.

For instance, at time t, a sliding window  is a sequence of all context vectors

observed from t − N to t − 1, i.e.,  = (𝐱t−N , 𝐱t−N+1,… , 𝐱t−1). As an example, an

analytics query over  could be: ‘continuously return all context vectors of the past

hour, i.e., N = 60min’. The sliding window is the most widely used in continuous

aggregation and fusion analytics functions [33–36].

The aggregation analytics tasks are evaluated over the contents of a window  .

The aggregated results change over time as the window slides. We use the classifica-

tion from [37] that divides aggregation functions into three categories: distributive,

algebraic, and holistic. Let  , 1, and 2 be windows. An aggregation analytics

function h ∶  → ℝd
is distributive if h(1 ∪2) can be computed from h(1)

and h(1) for all 1, 2. An aggregation analytics function h is algebraic if there

exists a ‘synopsis function’ 𝜎 such that for all  , 1, and 2: (1) h() can be com-

puted from 𝜎(); (2) 𝜎() can be stored in constant memory; and (3) 𝜎(1 ∪2)
can be computed from 𝜎(1) and 𝜎(2). An aggregation analytics function h is

holistic if it is not algebraic. Among the standard aggregates, MAX and MIN are dis-

tributive, AVG is algebraic, since it can be computed from a synopsis containing SUM
and COUNT, and QUANTILE, MEDIAN are holistic.

Example 1 We can define the AVG and MAX analytics functions: havg() = 1
N∑t

k=t−N 𝐱k and hmax() = [max{x1k},… ,max{xdk}]tk=t−N , respectively.

In our case, the aggregation analytics function h is running on EN j for each
sliding window containing M received and/or re-constructed context vectors from

the SAN i ∈ j depending on Case 1 and Case 2. Note that such functions are built-

in constructs in IoT-application specific continuous analytics queries.

Example 2 The aggregation analytics query ‘every minute find the average temper-

ature and the maximum humidity over context streams ‘temperature’ and ‘humidity’

collected during the past hour’ in Continuous Query Language [38] involving AVG
and MAX operators in a sliding window  ,N = 60min can be expressed as follows:

SELECT AVG(temperature), MAX(humidity)
FROM Context Streams [RANGE 60 MINUTES SLIDE 1 MINUTE]

Note, typical progressive aggregates like SUM, MIN and AVG requires constant

time O(1) per value since there is no need to scan the entire window [39, 40].

More advanced aggregation analytics functions like outliers detection or concept

drift detection in a sliding window  require multiple scanning of the  . Aggre-

gation analytics functions can be also combined on a EN to infer certain events that

might trigger decision making.
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Example 3 Consider the evaluation of a situational context (localized event stream

processing) for the past ten minutes as the activation of the following rule with

conjunctive predicates associated with AVG and MAX aggregation analytics func-

tions over ‘temperature’ and ‘wind-speed’ sliding windows from two corresponding

SANs:

EVENT := IF AVG(temperature) ≥ 90 AND MAX(wind-speed) ∈
[10,20]

WITHIN 10 minutes THEN ACTION is ‘warning’

Definition 2 (Aggregation Analytics Difference) Consider an EN j and its SAN i ∈
j. The aggregation analytics difference 𝛽i between the analytics result on EN j
derived from aggregation function h over the window  in the EN j and the actual
analytics result derived from h over the window ∗

, which contains only the actual

context vectors from SAN i to EN j (ground truth) is:

𝛽i = ‖h() − h(∗)‖. (5)

The aggregation analytics difference 𝛽i denotes how much the aggregation results

over the window on EN j with context vectors 𝐮 differ from the aggregation results

over the window ∗
with context vectors 𝐱, should SAN i have sent all context

vectors to EN j. Obviously, if we encounter only the Case 1, then 𝛽i = 0,∀i ∈ j.

Now, since we allow SAN i to decide on sensing context vectors w.r.t. 𝜃 and EN j
being able to re-construct undelivered context vectors, then 𝛽i ≥ 0. The concept is

how much an IoT application tolerates this difference in analytics results in light of

communication efficiency in the edge network.

Hence, given a decision threshold 𝜃 > 0, our aim is to examine the impact of our

predictive intelligence mechanism on (i) the re-construction difference a in (4) and

(ii) the aggregation analytics difference 𝛽 in light of communication efficiency by

saving significant network bandwidth.

4 Predictive Intelligence Split

The intelligence of the proposed mechanism is split into two parts: (i) the SAN’s

intelligence with respect to the local prediction algorithm fi and (ii) the EN’s intel-

ligence with respect to the local re-construction algorithm gj that supports the ana-

lytics tasks introduced in Sect. 3.2.
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4.1 Sensor-Actuator Node Intelligent Part

Consider a SAN i and let us elaborate on the first part. Very complex prediction

models are not practical in the discussed EC paradigm due to the limited (energy-

constrained) computational capacity of the SANs. Fortunately, simple linear predic-

tors are sufficient to capture the temporal correlation of realistic contextual data as

shown by previous studies [41–43]. A sliding window-based linear predictor is one

of popular approaches to predicting the future based on past N measurements.

In this work, we are seeking to reduce the computational power for prediction

and to use a small fraction of the SAN’s computing power by adopting a predic-

tive function with low complexity and computational effort. Multivariate exponen-

tial smoothing, used for time series forecast, is an ideal predictor adopted in our case,

as its computational complexity is O(d) in a d-dimensional space (explained later).

A simple exponential smoothing weighs the current sensed context vector 𝐱t and

the historic context vectors [44]. This simple smoothing function is adopted as the

prediction function fi for the 𝜃-based decision making.
1

At each time t, a smoothed context vector 𝐬t is calculated by using the current

sensed context vector 𝐱t and the previous smoothed vector 𝐬t−1, i.e.,

𝐬t = 𝛼𝐱t + (1 − 𝛼)𝐬t−1 (6)

initializing with 𝐬0 = 𝐱0. The relationship between the history of the measured data

and the current data is represented by 𝛼 ∈ [0, 1]. A higher 𝛼 denotes more importance

to the current values and less importance to the historic values. Normally, 𝛼 = 0.7
[44]. The calculated smoothed vector 𝐬t−1 = [s1,t−1,… , sd,t−1] refers to the predicted

context vector 𝐱̂t, that is: 𝐱̂t = fi(i) = 𝐬t−1, with the window  = (𝐬t−1) at SAN i
containing only the recent smoothed context vector. Hence, the complexity of fi is

O(d); we require d computations for smoothing the 𝐬t in (6) at time instance t. The

forwarding decision of the actual 𝐱t to the EN j depends whether the prediction error

et = ‖𝐬t−1 − 𝐱t‖ exceeds the threshold 𝜃.

4.2 Edge Node Intelligent Part

On the other side, the EN j, at time instance t either receives 𝐱t (Case 1) or nothing

(Case 2). In Case 1, the EN j simply inserts the delivered 𝐱t into its corresponding

window  (which is associated with the SAN i ∈ j) discarding the oldest context

vector, i.e., 𝐮t = 𝐱t. In Case 2, the EN j encounters an undelivered vector problem,

since there is nothing to push in the sliding window  . Such undelivered context

vectors must be re-constructed with the available context vectors 𝐮 reside currently

in the  at EN j. In order to achieve this, we propose three re-construction policies,

1
Double exponential smoothing (Holt-Winters time series smoothing) could be adopted dealing

with the same computational complexity.
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i.e., variants of the re-construction function gj(). We should stress that, we require

a computationally efficient re-construction function on EN j, thus, being relatively a

small overhead compared to the analytics tasks. Those policies are discussed below.

Policy 1 This policy, in Case 2, uses the most recent context vector from  at EN

j, i.e., the first element of the sliding window, as the re-constructed context vector.

Therefore, the re-constructed context vector is inserted into the  and the oldest

context vector from the window is discarded. Note that, after this insertion, there

are two duplicates of the most recent context vector in the window. There might be

also the case where the entire window (of length N) would have contained the same

context vector if the SAN i had not sent a context vector in the last N time instances.

This denotes that, during this recent history of N time instances, the maximum dif-

ference of the sequentially sensed context vectors measured on SAN i is less that 𝜃.

In this case, it is redundant to send similar context vectors to EN j given a threshold

𝜃. In Case 1, the EN j simply inserts the delivered 𝐱t into the window and discards

the oldest context vector.

Policy 2 This policy, in Case 2, re-constructs the undelivered context vector 𝐱̄t as

the average vector of the current context vectors in the window  , i.e.,

𝐱̄t = gj() = 1
N

t−1∑

k=t−N
𝐮k.

This re-constructed value is then inserted into the window discarding the oldest one.

In Case 1, the EN j simply inserts the delivered 𝐱t into the window and discards the

oldest context vector.

Policy 3 This policy applies the exponential smoothing algorithm (discussed above)

for re-constructing the undelivered context vector in the EN j. In Case 1, the EN j
simply inserts the delivered 𝐱t into the window and discards the oldest context vector.

Moreover, after this insertion, the EN j calculates the smoothing context vector 𝐬′t
based on the delivered 𝐱t and the previously calculated smoothed context vector,

i.e.,

𝐬′t = 𝛼𝐱t + (1 − 𝛼)𝐬′t−1.

In Case 2, this policy re-constructs the 𝐱̄t with the recently smoothed context vector

𝐬′t−1 (exploiting the context vector delivery in Case 1) and discards the oldest context

vector from the window. Note that, the series of the smoothed vectors 𝐬′t in EN j is

not the same with the series of the smoothed vectors 𝐬t in SAN, since the vectors

𝐬′t−1, 𝐬
′
t−2,… are calculated by the 𝐮t−1,𝐮t−2,… vectors from the window i on EN

j. Moreover, in Case 2, after the re-construction of 𝐱̄t with 𝐬′t−1, the smoothed context

vector for time instance t is 𝐬′t = 𝛼𝐱̄t + (1 − 𝛼)𝐬′t−1 = 𝐬′t−1. Overall, Policy 3 at the EN

j has as follows:

{
𝐬′t = 𝛼𝐱t + (1 − 𝛼)𝐬′t−1 , Case 1

𝐱̄t = 𝐬′t−1 and 𝐬′t = 𝐬′t−1 , Case 2.
(7)
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5 Performance Evaluation

5.1 Dataset and Experimental Setup

In our experiments, we used a real dataset for assessing the performance of the pro-

posed edge prediction intelligence mechanism. The contextual dataset (DS1) was

adopted by UCI [45]. This dataset contains twelve SANs of chemical compounds

and environmental parameters: CO, PT08.S1 (tin oxide), Non Metanic HydroCar-

bons, Benzene, PT08.S2 (titania), NOx, PT08.S3 (tungsten oxide), NO2, PT08.S4,

PT08.S5 (indium oxide), temperature, relative humidity, and absolute humidity. All

these contextual parameters are required to measure the air pollution of a specific

area. These data are collected every hour and refer to T = 9357 multi dimensional

measurements (d = 12) with n = 12 SANs and one EN. Inside this dataset missing

values occur. For each SAN, we impute those missing values by adopting the miss-

ing value imputation method of linear interpolation. This method exploits two data

points (x0, y0) and (x1, y1) to reconstruct a linear function to find for a specific x value

the missing value y as follows: y = y0 +
y1−y0
x1−x0

(x − x0).
For comparison and reproduction, DS1 is normalised and scaled, i.e., each con-

textual parameter x ∈ ℝ is mapped to
x−𝜇
𝜎

with mean value 𝜇 and variance 𝜎

2
, and

scaled in [0,1] using
max{x}−x

max{x}−min{x}
.

For sensitivity analysis of our mechanism, the experiments were carried out with

different values of the decision threshold 𝜃 ∈ {10−5, 10−3, 10−2, 0.05, 0.06}. Using

a normalised and scaled dataset, 𝜃 is interpreted as the percentage change of a mea-

sured/sensed value x by: 0.0002%, 0.02%, 2%, 10% and 12% respectively for the cho-

sen 𝜃 values, respectively. The chosen 𝜃 values are examined for the impact of the

local prediction error et in (2) on our mechanism to decide on forwarding a measure-

ment. The local predictor/exponential smoother in the SAN side, in our experiment,

uses 𝛼 ∈ {0.5, 0.7, 1} as suggested in [44]. Moreover, in Policy 3, the reconstruction

smoother function in EN side uses 𝛼 = 0.7. The sliding window size is set to N = 10.

This selected size represents for DS1 a history of the last 10 hours.

Overall, our experimental set up includes five 𝜃 values and three 𝛼 values over

three different policies (Policy 1, 2, and 3) for reconstruction on the EN. This leads to

an overall of 75 experiments for each of the aggregation analytics function h(): i.e.,

AVG, MAX and MIN analytics function for evaluation. In order to objectively assess

the performance of our mechanism, we implemented the baseline mechanism. This

mechanism is produced by capturing the continuous contextual data and transmitting

them from all SANs to an EN, without any predictive intelligence on SAN or EN.



38 N. Harth et al.

5.2 Performance Metrics

We firstly define the performance metrics of counter of communications, i.e., the

number of sensed values are sent from a SAN i to its EN j. By adopting the baseline

mechanism the number of communications is allocated with 12 ⋅ 9357 = 112, 284.

To better illustrate and compare our mechanism with the baseline, the counter of

communications is indicated as 100%. Using our mechanism, the counter is only

increasing if 𝜃 is exceed and values are transmitted from the SANs to the EN. The

overall communication of n SANs over T sensing values, in our method is then:

c(T) =
T∑

t=1

n∑

i=1
Ii,t, (8)

with Ii,t = 1 if SAN i sends its sensed value to the EN; otherwise Ii,t = 0. Evidently,

the overall communication of n SANs over T sensing values, in the baseline method

is T ⋅ n, since Ii,t = 1,∀i, t. The percentage of communication is then
c(T)
Tn

.

The re-construction difference a in (4), and the aggregation analytics differ-

ence 𝛽 in (5) is evaluated using the symmetric mean absolute percentage error
(SMAPE). During the experiments, we calculated the average SMAPE per SAN for

each time instance t ∈ {1,… ,T}. This metric is used to represent a percentage error

of SMAPE ∈ [0, 100] because of its unbiased properties [46]. SMAPE is defined for

reconstruction difference a and aggregation analytics difference 𝛽 as:

SMAPE =
⎧
⎪
⎨
⎪
⎩

100
T

∑T
t=1

at

‖𝐱t‖+‖𝐱̄t‖
, ‖𝐱t‖ + ‖𝐱̄t‖ > 0 for a,

100
T

∑T
t=1

𝛽t

‖h()‖+‖h(∗)‖
, ‖h()‖ + ‖h(∗)‖ > 0 for 𝛽.

(9)

Our major aim is to demonstrate the trade-off between communication and re-

construction difference/aggregation analytics difference. That is, we can tolerate

some slight increase in the analytics error by gaining a significant decrease in the

number of communications, thus, being communication efficient and prolonging the

edge network lifetime. It is evaluated how the aggregated analytics functions h()
and re-construction inside an EN behave with decreasing the number of communi-

cations towards the EN. This decrease of communications is produced by increasing

the value of 𝜃 and changing the value of 𝛼 inside the SAN (exponential smoother).
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Fig. 2 Re-construction Difference trade-off for Policy 1; percentage of communication against

SMAPE

5.3 Performance Assessment

Performing our method of predictive intelligence with the explained chosen val-

ues, we can illustrate the trade-off between communication and error for the re-

construction and aggregation analytics differences. Independent of the specific dif-

ferences, our aim is to reduce the percentage of communication only with a slight

increase of the error.

Generally, increasing the value of 𝜃 is decreasing the number of communications

towards the EN. The reason behind this is that 𝜃 is demonstrating the tolerance for

a change of the expected value and the actual/sensed one. Therefore high values of

𝜃 are indicating that values can vary between a larger range before they are sent

towards the EN. Furthermore, it is notable that the number of communications is

highly dependent on the exponential smoother parameter 𝛼. Given the same 𝜃 value,

the number of communications is decreasing with higher values for 𝛼. Increasing 𝛼

means reducing the influence of previous/historical measured data and weight the

current data high. Having a value for 𝛼 = 1, the current measured value is compared

against only the previous for a forwarding decision.

5.3.1 Re-Construction Difference Assessment

Evaluating the re-construction difference for DS1 it is applicable that the chosen

reconstruction policy inside the EN is highly influencing the produced SMAPE.

Given the three different policies, Policy 2 is generating the highest error values over

𝛼 ∈ {0.5, 0.7, 1} and 𝜃 ∈ {10−5, 10−3, 10−2, 0.05, 0.06}. Policy 3 as reconstruction

method is creating nearly the same error percentage as Policy 1. Policy 1 represents

the best possible solution for reconstruction the undelivered values inside the EN.
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Comparing Policy 1 against different values for 𝛼 it can be observed from Fig. 2,

that increasing 𝛼 is increasing the SMAPE. Considering the trade-off between

SMAPE and percentage of communication, higher values for 𝛼 illustrate a lower

SMAPE with less communication. Figure 2 shows the re-construction difference for

Policy 1 over different 𝛼 values. His worth noting that, as shown in Fig. 2, using our

proposed predictive intelligence for edge analytics on DS1, a communication over-

head of 30% can be saved by tolerating an re-construction error of less than 1%. If

IoT applications can tolerate up to 2% error in their analytics accuracy, it is possible

to save between 50 and 60% of communication. Saving this amount of communi-

cation with a given tolerated error would increase the lifetime of an edge network

between 30 and 50%.

5.3.2 Aggregation Analytics Assessment

Besides the re-construction difference, the aggregation analytics difference produced

by our proposed method is an important metric by many analytics IoT applications.

From our experiments it is applicable for all three aggregation functions,AVG, MIN
and MAX, that Policy 2 is producing the highest SMAPE for the aggregation analyt-

ics difference. Similar to the re-construction difference, Policy 1 is generating the

lowest average error per SAN over the entire time frame T . In our experiments a

value of 𝛼 = 0.5 is producing the lowest error over all three aggregation functions

by employing the re-construction Policy 3. Comparing Policy 1 over all three aggre-

gation functions, Fig. 3 shows this for DS1. Specifically, one can observe from Fig. 3

that, similar to the re-construction difference, the aggregation analytics difference

depends on 𝛼. Higher values of 𝛼 producing a better trade-off. For MIN and MAX
this reverses after a SMAPE of around 1.5%. AVG continuously produces a good

trade-off for high 𝛼.

For DS1 it is observed in Fig. 3, that a reduction of 20% by communication for

MIN, MAX and 30% for AVG is only generating an error of 0.5%. Therefore, it is

possible to increase the lifetime of a network up to 30% with tolerating a slightly

difference towards the true result. For applications that could tolerate a higher dis-

crepancy for this kind of aggregation functions, they can save up to 50% with an

error of 1.5–2%.

6 Conclusions

We focus on the edge computing paradigm where pushing aggregation analytics to

the edge of the IoT network allows the complexity of analytics tasks to be distributed

into many smaller and more manageable pieces and to be physically located at the

source of the contextual information it needs to work on. We introduce a lightweight,

distributed, predictive intelligence mechanism that supports communication efficient

aggregation analytics within the edge network of SANs and ENs. The mechanism
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Fig. 3 Aggregation

Analytics Difference

trade-off for DS1 with

Policy 1; percentage of

communication against

SMAPE

(a) AVG function

(b) MIN function

(c) MAX function
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is based on the idea of locally deciding whether to deliver contextual data or not in

light of minimizing the induced communication overhead and providing high quality

analytics tasks. Based on splitting this intelligence into: prediction (through expo-

nential smoothing) and decision making at the SANs and context re-construction

at ENs (by proposing three policies), we eliminate data transfer at the edge of the

network, by exploiting the predictability of the captured contextual data. We pro-

vide comprehensive experimental evaluation of the proposed mechanism over a real

multidimensional contextual dataset for aggregation analytics tasks and show the

benefits stemmed from its adoption in edge computing environments. We experi-

mented with the trade-off between accuracy (quality) of edge analytics tasks and

communication overhead. Our mechanism demonstrated its efficiency in supporting

high quality of edge analytics by tolerating a relatively low error in light of decreas-

ing significantly the communication overhead in an edge network. Our future agenda

includes certain modifications of our mechanism to support predictive analytics tasks

including outliers detection and linear regression predictive models in edge comput-

ing environments.
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