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An Energy Efficient Smart Metering System
Using Edge Computing in LoRa Network

Preti Kumari*, Rahul Mishra

Tanima Dutta

, Hari Prabhat Gupta
, Member, IEEE, and Sajal K. Das

, Senior Member, IEEE,
, Fellow, IEEE

Abstract—An important research issue in smart metering is to correctly transfer the smart meter readings from consumers to the
operator within the given time period by consuming minimum energy. In this paper, we propose an energy efficient smart metering
system using Edge computing in Long Range (LoRa). We assume that all appliances in a house are connected to a smart meter that is
affixed with Edge device and LoRa node for processing and transferring the processed smart meter readings, respectively. The energy
consumption of the appliances can be represented as an energy multivariate time series. The system first proposes a deep learning
based compression-decompression model for reducing the size of the energy time series at the Edge devices. Next, it formulates an
optimization problem for finding the suitable compressed energy time series to reduce the energy consumption and delay of the
system. Finally, the system presents an algorithm for selecting the suitable spreading factors to transfer the compressed time series to
the operator in the given time. Our simulation and prototype results demonstrate the impact of the parameters of the compression
model, network, and the number of smart meters and appliances on delay, energy consumption, and accuracy of the system.

Index Terms—Deep learning, edge device, energy efficiency, Internet of Things, LoRa, smart meter

1 INTRODUCTION

NTERNET of Things (IoT) is envisioned to improve the qual-
Iity and experience of human living. As one of the poten-
tial applications of IoT [1], smart metering enables remote
monitoring of energy consumption, which is essential for
both the consumers (end users) and the operator (electricity
utility or supplier). The amount of energy used by an appli-
ance in the house can be represented as Energy Time Series
(ETS). An ETS consists of a large number of smart meter
readings. As a consumer usually has multiple appliances,
they generate Energy Multivariate time Series (EMS). Moni-
toring of EMS helps to identify energy inefficient applian-
ces. It also induces energy-saving behaviour of end users,
load forecasting, electricity price design, and promotions
for reducing energy consumption [2], [3], [4], [5], [6].
Despite these advantages, it is hard to communicate a large
volume of EMS data from the consumers to the operators.
The communication of such EMS not only consumes consid-
erable energy but also incurs significant communication
delay and generates substantial network traffic.
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A viable solution for smart metering is Edge comput-
ing, where the local processing and storage are available
close to the leaf devices (end users) [7], [8]. Due to local
processing of the tasks near to the users, Edge computing
reduces communication delay and energy consumption
for transmitting the EMS data. The recent development of
compression-decompression techniques using Machine
Learning (ML) and Deep Learning (DL) models in Edge
Computing can help to reduce the size of EMS at the
Edge device [9], [10]. Both ML and DL are used for fea-
tures extraction, but the difference is that ML requires
human intervention for selecting the features, whereas
DL performs this intuitively and gives the reason to use
DL for compressing EMS. Such compressed EMS con-
sumes low energy and requires smaller delay while trans-
ferring them from consumers to the operators. Fig. 1
illustrates an example scenario of smart metering where
Edge computing reduces the size of EMS of the applian-
ces before communicating to the operators.

The selection of communication protocols is another
important factor for energy consumption of Edge devices.
While short-range communication protocols support low
coverage range and consume low energy [11], [12], [13],
[14], long-range communication protocols support a wide
coverage with high transmission rates but at the cost of high
power consumption [15]. The Long Range Wide Area Net-
work (LoRaWAN), with its scalable star of stars network
architecture and simple medium access mechanism, fulfills
the requirement of smart metering, i.e., long-range commu-
nication with low energy consumption [16]. The LoRaWAN
architecture consists of LoRa Nodes (LNs), LoRa Gateway
(LG), and Network Server (NS). Each LG can be connected
with a limited number of LNs on a given Spreading Factor

2377-3782 © 2021 |IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
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Fig. 1. lllustration of an example scenario of smart metering.

(SF). The SFs consume unequal energy and support uneven
data transmission rate and communication range. Thus, the
selection of appropriate SF for communicating the EMS
data from LN to LG helps to reduce the energy consump-
tion and delay of the smart metering architecture.

In this paper, we focus on the smart metering application
of IoT, where a consumer has different types of appliances
generating EMS data. Direct transferring of such large vol-
ume of EMS to the electricity operator consumes huge com-
munication energy, network bandwidth, and increases the
network delay. The main objective of the proposed work is
to reduce the size of the EMS and successfully regenerate
EMS at the electricity operator. Such regenerated EMS can
be used for various purposes such as to detect fraud, reduce
outage restoration times, adjust transformer loading, target
energy efficiency marketing etc. For different purposes,
multiple ML /DL models are required; thus, it is not feasible
to push multiple ML/DL models to the Edge. Therefore, we
are transmitting EMS to the electricity operator for multiple
purposes. The energy efficient smart metering problem can
be stated as: How to efficiently transfer the EMS to the operator
in a given time period with minimum energy consumption?

To solve this problem, we present an Energy Efficient
Smart Metering (EESM) system that first collects EMS, gen-
erates the high-level features using DL model, and trans-
mits the features to the LG. Further, the LG transmits such
features to the electricity operator via TCP/IP protocol or
other cheaper and reliable public wireless network. The
high order compression indeed reduces the energy con-
sumption during data transmission, but increases energy
consumption of the compression process as well as the
decompression error. Therefore, while designing the EESM
system, we need to address the following three challenges:
i) Ensure that the data compression and decompression
model provides the desired accuracy suitable for Edge com-
puting; ii) Compress the EMS in an appropriate size such
that the time duration for compressing and transmitting the
EMS does not exceed the given time period and the energy
consumption is minimized; and iii) Assign the SFs to the
LoRa nodes in such a way that the energy consumption of
all LoRa nodes are nearly equal.

1.1 Major Contributions

To the best of our knowledge, this is the first work to
address the energy efficient smart metering problem using
Edge computing. Our major contributions are as follows:

e  Processing at Edge Device: We propose a DL based
compression-decompression model for reducing the
size of EMS at the Edge device. Specially, we use
Long Short Term Memory (LSTM) for compression
and decompression of EMS. We present an analysis

for estimating a relationship between the size of
compressed EMS and the required time and energy
for compression.

o  Compressing EMS: The EESM system formulates an
optimization problem and uses a Semi-smooth New-
ton method for finding the suitable compressed size
of the EMS, which provides an energy efficient smart
metering system. Different from the existing work,
we use combination of mean and variance error in
the proposed model to improve its accuracy.

o Energy Efficient Communication of EMS: The EESM
system uses LoRa network that provides long-range
communication with low energy consumption. We
present an algorithm for selecting the suitable SFs in
LoRa network to communicate the compressed EMS
from the consumer to the operators. The algorithm
uses a minimum heap (MinHeap) data structure to
improve the time complexity.

o  Simulation and Prototype Results: We validate the pro-
posed EESM system using Network Simulator-3
[17] that simulates a large number of LoRaWAN sce-
narios. We also build a prototype to demonstrate the
impact of the compression model parameters, the
network, the number of smart meters and appliances
on the delay, energy consumption, and accuracy.

The rest of the paper is organized as follows. Section 2

reviews the literature that addresses smart metering prob-
lems and presents the motivation behind this work. Section 3
describes the preliminaries, while Section 4 analyzes the
delay and energy consumption for compression and com-
munication of EMS data. Section 5 presents the EESM sys-
tem, followed by the experimental and prototype results in
Sections 6 and 7, respectively. The conclusions are offered
in Section 8.

2 RELATED WORKS

This section covers the related work mainly focusing on
data compression, EMS transfer, and energy efficient com-
munication protocols in smart metering applications.

Data Compression in Smart Metering. The authors in [2],
[18], [19], [20], [21], [22], [23] proposed data compression
techniques for smart metering data. The authors in [2] pro-
posed a non-negative K-Single Value Decomposition-based
sparse coding technique for smart meter data compression
and compared the performance with wavelet reduction
technique. An adaptive data reduction algorithm is pro-
posed in [18] using compressive sampling technique such
that the bandwidth requirement for smart meter data trans-
mission is reduced with minimum loss of information.
In [19], smart meter readings are compressed using burrow-
wheeler transform and entropy encoding. Lightweight data
compression technique using task offloading at the Edge
device is proposed in [10]. The authors in [20] proposed
adaptive single and multiple modality data compression
schemes based on DL, whereas in [21], the authors pre-
sented a comparison of the performances of neural network
and linear predictors for near-lossless compression of EEG
signals. Authors in paper [22], designed a lossy data com-
pression format to store key information of load features
which is generated by using general extreme value
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TABLE 1
Symbols Used in the Paper

Symbol Description Symbol Description

N Set of LNs PQn Compressed data size of LN n

N Number of LNs TP Compression time of LN n

n Index of LN Eg°™P  Compression energy of LN n

S Set of SFs Teomm  Communication time of LN n

Sn SF of LN n Egem™ Communication energy of LN n
An Sampling rate of LN n| T, Total time taken by LN n

Accn, Accuracy of LN n én Total energy consumption of LN n

distribution characteristic. In [23], authors proposed a
dynamic compression ratio selection scheme for edge infer-
ence system with hard deadlines.

Data Transfer in Smart Metering. For transferring EMS
data to the operators, the authors in [3], [4], [5], [6] proposed
techniques to aggregate energy readings of all appliances,
transfer the aggregated readings, and finally breakdown the
EMS at the operators. In [3], a TreeCNN model is developed
for energy breakdown on low-frequency data. The authors
in [4] used Factorial Hidden Markov Model (FHMM) to
breakdown EMS at operators, where each appliance is mod-
elled as a Gaussian HMM. Sparse coding based approach [6]
has been proposed to breakdown EMS at an interval of
one hour.

Communication Protocols in Smart Metering. Recent
studies on smart metering applications have shown the
use of such technologies as Zigbee, Bluetooth, and WiFi
for short-range [11], [12], [13], [14], and cellular networks
(3G and LTE) for long-range [15] communications. For
example, a ZigBee mesh network is proposed in [11] for
smart metering applications with inherent redundancy,
self-configuring, and self-healing capabilities. Based on
Bluetooth low energy (BLE), a house energy manage-
ment system is proposed in [12] which can forecast
energy consumption conditions, such as predicting the
house energy requirements at different times of the day.
Finally, long term evolution (LTE) network is considered
in [15] for communicating the smart meter reading for
high throughput, low latency, and operation in plug and
play mode.

2.1 Motivation of This Work
The work proposed in this paper is motivated by the follow-
ing limitations as noted in the existing literature.

e The time complexity of the existing data compres-
sion techniques [2], [18] is very high. They require
substantial processing power and energy, and hence
are not suitable for Edge devices. The work in [10]
assumed a fixed compression ratio. However, con-
sidering a system with a fixed compression ratio
hampers efficient utilization of data transmission
resources.

e Since the work in [3] considers hourly and daily
smart meter readings as input and therefore, it
breaks down the EMS in daily batches, which is not
useful for the near real time applications. The basic
premise of [5] is that common design and cons-
truction patterns for house creating a repetitive
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Fig. 2. An Energy Efficient Smart Metering (EESM) system.

structure in their energy data. This assumption
may not be practically true. Furthermore, the
techniques proposed in [3], [4], [5], [6] transfer
uncompressed EMS to the operators which con-
sume huge communication energy and delay in
large size energy meter readings. The considered
data in the work [20] has inter-modality correlation,
whereas ETS of appliances are less correlated with
each other therefore, not suitable for smart meter-
ing application. In [21], authors have considered
EEG signals with different sampling rates and com-
pared the compression techniques on them sepa-
rately, which is not useful for the multivariate time
series data.

e The long-range communication protocols [15] suffer
from colossal power consumption, while short-range
communication protocols have limited coverage,
and increased hardware and maintenance cost [11],
[12], [13].

3 PRELIMINARIES

This section defines the system model, terminology and
notations used in this paper. Table 1 shows the list of
notations.

3.1 System Model

The proposed Energy Efficient Smart Metering system
assumes that each house is equipped with various applian-
ces connected with a smart meter. The smart meter works
as an Edge device which collects energy readings, generates
Energy Multivariate time Series, compresses EMS, and
sends to the connected LG using LN. The red color rectangle
box in Fig. 2 illustrates a smart meter with Edge device and
LN. The EESM system uses one smart meter at each house
and an apartment building of multiple houses has one LG.
Since the LG is placed inside the apartment building and
therefore all houses of the apartment building can easily be
connected with the LG wusing one-hop connectivity.
Recently, some industries also use LoRa for smart metering
and find various advantages [24]. Let N ={1,2,...,N}
denote the set of LNs, connected to the LG, which use the
spreading factor set S = {SF7,SF8,...,SF12}. In this
work, we use layer-based Compression-Decompression
model where @ is the maximum number of layers of the
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Fig. 3. lllustration of Compression-Decompression model, where symbol
[ denotes an LSTM cell.

model for EMS compression. Let @, denotes the layer at
which LN n compressed data and pg, is the compressed
data size at layer @),. The data size vector Po of N LNs is
represented as

P = P01, PG - Pay]- @

Let s, € S denote the SF used by LN n to transmit p, data
to the LG. The SF vector s for N LNs is given by

S:[817527"'7SN]' (2)

3.2 Definitions
Let .~ € RP*Z denote an EMS of size D x Z, where D and Z
are respectively the number of time series generated by the
connected D appliances to an LN, and the total number of
events in each time series. The D time series in ..~ are
denoted by .+ = 1, v9,..., v p. The Energy Time Series
/i consists zero and non-zero smart meter readings when
the appliance ¢ is OFF and ON, respectively, where
1 <4 < D. Fig. 11 illustrates the ETSs of appliances.

Definition 1 (Energy Multivariate time Series, or EMS).
A smart meter reading corresponding to an ordered sequence of
data points taken at a specific sampling rate in real-time is
called ETS. If the reading is generated through multiple appli-
ances, then it is called Energy Multivariate time Series.

Definition 2 (Accuracy). The accuracy of the compression-
decompression model is defined as the ratio of correctly decom-
pressed energy time series to the total energy time series gener-
ated by the appliances. Let D,, denote the number of appliances
connected to an LN n generate energy time series. Then the
accuracy of LN n is defined as

D'!l

n =1

Ace, =

where x; and ; denote a smart meter reading before and after
decompression, respectively, and the function 1(-) is given as
1, if Fis true,
1F) = {O, otherwise.

(4)

789

3.3 Long Short Term Memory (LSTM) Model

The LSTM is a deep learning model that learns long term
dependencies in the input sequence and extracts the tempo-
ral features. The objective of the proposed work is to regen-
erate the same EMS whereas the low-pass information
filters out the high frequency signals and not able to regen-
erates the same EMS. The input vector x to the LSTM is a
sequence of events, X = {1, %2, ..., z:}, such as smart meter
readings of an appliance at timestamp ¢. Let ~(-, -, -) denotes
a function that combines all the LSTM operations [25]. The
update of each LSTM cell with parameter ¢ is given by

hy = 7 (hy_1, 24, 9). (5)

4 DELAY AND ENERGY ANALYSIS IN EESM

In this section we first develop a deep learning based Com-
pression-Decompression model. Next, we present the
parameters learning for compression and decompression of
EMS generated by appliances. Finally, we estimate the
required energy and delay for compressing and communi-
cating the compressed EMS to the Lora gateway.

4.1 Compression-Decompression Model

Fig. 3 illustrates the proposed Compression-Decompression
model, where the compression maps a higher-dimensional
point in the EMS to a lower-dimensional point. On the con-
trary, the Decompression maps a lower-dimensional point
to the higher-dimension by arranging the layer in reverse
order to that of Compression.

4.1.1 Compression

We use LSTM model with @ layers as Compression (see
Fig. 3) for mapping input sequences eERP*” to a
reduced-dimensional sequences ../ € R? 7 where Z' < Z.
The compression divides each time series A; € .~ into fixed
p length windows, where the number of windows z=
[Z/p] and 1 < i < D. A jth window of 4; is denoted by A?,
where 1 < j < z. The input .~ can be represented as the set
of windows {{41,..., Aj} {4},... 43},.. i D VALY
The kth event of A] Wmdow is denoted by A * where 1<
k < p. The window A7 and its length at gth layer of Q layers
Compression model are respectively denoted by A{ ) and
pg, Where 1 < ¢ < @, the input layer A’ —A and p; = p.
The index terms {i, j, k, q} represent the tlme series, win-
dow, event, and layer of the Compressmn model, respec-
tively. Similarly, the event AJ’ at layer ¢ is denoted by

AE;A’;{) as shown in Fig. 3. The compression uses the following

mathematical expression to generate the events of window
Al ) at LSTM layer g.

(1:q)

o) = FWig1 © Agign) + Ul iy + big), ©)
where f.(.) denotes the activation function and © the dot
product. Wj,; € RP*Pe-1 and Uj; ! are used to denote the
weight metric for input of all windows i.e., A(; ,_1) and pre-
vious window output state i.e., h{,:l), respectively, and
bi,—1 € RP denotes the bias. The output of the last layer of
compression is the compressed events . given by,

o {{A%LQ), SALgb {A}D@, Al oyt
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where

APy, M

_ 1 AGD 1 AU 2)
= {4 Q)

LQ)7"'7

4.1.2 Decompression

The Decompression gradually transfers ./ to produce an
estimate .. € RP*Z. The decompression uses the fully-con-
nected () layers to map to each window from R?? back to
RP. Similar to compression, the events window A (1.9 18 PrO-
duced at layer ¢ by the following expression.

A = JiWig1 © A1) + U” lhfqu +big-1), ®)
where fy(.) denotes the activation function, ® the dot prod-
uct. Wj,_1 € RPe*Pe-1 and U”; ! are used to denote the
weight metric for input of all Wmdows ie., A;,4-1) and pre-
vious window output state i.e., h] iy Tespectively, and the
bias b/ 1 € RP¢, where Q+1 < ¢ <2Q. The output of the
last layer of decompression is the events ../, i.e.,

7= {{A(II,QQ)v ERRR) Af1.2(g)}v SRRE) {A(ID.ZQ)v ERRR) AfD,zQ)}}v
where
. 2) (J:p2q)
A (120) {A ”Q A(Z2Q)’ ceey A(w;‘i }. 9)

4.1.3 Compression-Decompression
Parameters Learning

The Compression and decompression are non-linear map-
!

ping of . — ' and .~/ — ./, respectively. By using
Egs. (5) (7) and (9), the compressed of a window A i1 at
layer (Q and decompressed of a window A ) at layer 2Q
are updated as given by
A{l@) = /L(A( 1) hzl 7X) (10)
A{i,QQ) = //d(A( 7th1 x), (11

where x = {W,U,b} and x' = {W,U’,b'} are the weight
and bias parameters of compression and decompression,
respectively. Using L2-norm, the mean error of the Com-
pression-Decompression model of A; € ./ time series is
given by

1 G 2
Errs(A) = —3 > Al - <zl))H (12)
P = = 2
Next, we consider variance information of .~ and . for
computing the variance error [26] that is given by
V/( ] _ ]k)__ZAJk) ;
Vi(Agag) = 468 1§ qun a3
pk 1 9
Err,(A ZHV Aun) = VilAuzo) s

The objective function of the Compression-Decompres-
sion model can be expressed as the minimization of the sum
of loss and regularization terms [27], and is given as

12
L==Y (Errz(4;) + TErr,(A;)),

D2 (14)
Y =arg min L.

Y={WW UU}

By solving Eq. (14), the Compression-Decompression model

learns the weight matrices (W,W',U,U’) and the corre-

sponding bias vectors (b,b’). The minimization of loss

reciprocates to the maximization of accuracy. The accuracy

of the Compression-Decompression model can be written as
D

Acc=1-L=1- %Z(ETT;(/L) + Y Err,(4))).

i=1

(15)

Using Eq. (15), we can compute the accuracy Acc, of gener-
ated D,, time series of LN n as defined in Definition 2.

Example 1. Let an EESM system consists of an LN con-
nected to D = 24 appliances, similar as in Reference
Energy Disaggregation Dataset (REDD) [28]. REDD con-
sists of device specific electricity consumption of 10 real
houses over a time period of 119 days. For each moni-
tored house, it consists of the records up to 24 individual
devices in the house (one reading consists of 24 bits of
information on current and voltage). The smart meter
captured the energy consumption at the interval of 3 sec-
onds and transmitted to the electricity operator after
every 12 hours. The example instance of EMS of the appli-
ances is ., € R¥¥I40 — 11002 4,3, ...,5,3,4,0,0},...,
{0,0,6,3,2, ...,7,2,7,4,3}}, where zero and non-zero
values show that the appliances are OFF and ON, respec-
tively. Using the compression model, the compressed
EMS is ../ € R**5% and the decompressed EMS is
/€ R¥XM0 = 100.0,2,4,3,...,4,3,4,0,0},...,{{0,0,6,
3,1,...,7,2,7,4,3}}. This example shows that the EESM
system compressed 346K smart meter readings to 138K
and therefore it needs 60 percent less communication
energy.

4.2 Estimation of Delay and Energy Consumption
Our Compression-Decompression model is trained on a
high-end machine only once to obtain an optimal configura-
tion of weights and biases. During testing, each LN attached
with the smart meter collects and compresses the EMS by
using the proposed Compression model and communicates
to the LG. The LG, in turn, forwards it to the wireless base
station where the compressed EMS is decompressed for
future processing.

4.2.1 Compression

The following lemma estimates the compression delay and
energy consumption at LN n connected with the smart
meter.

Lemma 1. Given a LoRa network with @, layers of an LN n,
where p, is the length of the window at layer q. Let . €
RPn*Z pe an Energy Multivariate Time Series of length Z
with D,, dimensions, generated by appliances with a sam-
pling rate of \,. Then the predicted delay for compressing
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the data is given by
DYZ (271_1

N Tl 2p + n)
Tflomp _ Z Z q+ q

Let E. be the energy consumption per floating point operation,
then the total energy consumption for compression is given by

(16)

l ce

E’;_;U'V’L[) ( 1 7)

i=1 =1

Proof. To estimate the runtime, we count the required
FLOating Point operations (FLOPs). Eq. (16) shows that
an event window of length [ requires p, x (2p,—1) FLOPs
between layers ¢ — 1 and ¢ for dot products and addition
of bias. The total required FLOPs per wmdow for Qn
layers compression is glven by Zq ' 2ppgr1. Such
compression also uses Z qu activation functions

per window, requiring Zq'?:"l pg+1n FLOPs, where 7 is

the distinct operation in the activation function. The
total runtime of compression per window is
S 2l + S =3 g1 (2p, + ). The ith
ETS of an LN n with X! sampling rate consists of A/l
windows during t time duration, where 1 <7 < D,,. The
total FLOPs for ..~ is the sum of the required FLOPs for all
D,, time series and given in Eq. (16). Next, the total energy
consumption for compression of - — ' is the product
of compression time and energy per FLOP operation i.e.,
T x E, and given in Eq. (17). ]

4.2.2 Communication

After successful compression of the data stored at the LNs,
the compressed data is further transferred to the LG. The
time required for transmission of data from an LN n to the
LG is known as communication time, denoted as 7:<"™. It
depends on the SF onto which the LN transfers the data to
the LG. Let an LN n € N use SF s, and bandwidth b for
transmitting data to the LG with coding rate c. The trans-
mission rate from LN n to LG can be obtained from [16],
which is given as

Sn 4

. 18
0 4t c 18

r, =b X

Now, let E, denotes the energy consumed per unit data
for communication in the EESM system. The communica-
tion delay and energy consumption for transmitting the
compressed pg, data of LN n are given by

TUO?V”YL — %7 (19)
E:;omm — %E{) (20)
Tn

After compressing data, the LNs try to transmit data at the
LG on the selected SF. Data is transmitted immediately if
the selected SF is free; otherwise, the LN has to wait for get-
ting its turn. Let LN n select SF s,, for transmitting data at
the LG. Then in the worst case, LN n has to wait T:f”” =

Zfimn::& Temm time for getting its turn. 7% = 0 for LN
n, if selected SF s, is free. Therefore the total delay of LN n
is the sum of compression, waiting, and communication

delay, given as
Tn — eomp 4 T'wait + eomm . (2 1)

n n n

Similarly, the energy consumption of LN n is the sum of
the energy consumption during compression and commu-

nication which are functions of the data size p,, and SF s,,.
It is calculated from Egs. (17) and (20). That is,

€0 = B + B, 22)

5 ENERGY EFFICIENT SMART METERING SYSTEM

The objective of the EESM system is to minimize the energy
consumption for successfully transferring the data of appli-
ances to the electricity operator using LNs and LG within
the given time delay. In this section, we formulate an opti-
mization problem for the EESM system and solve it using
Semi-smooth Newton method.

5.1 Problem Formulation
Let LN n € NV uses SF s, for transmitting the compressed
pq, data to the LG, where1 <n < N,1<Q, <Q,and s, €
S. Let us define EESM Problem

N

minp,s &, (23a)
n=1

st. Cl: &, < B (23b)

C2: ||6, - &l < Eff, (23¢c)

C3: Acc, > A", (23d)

C4: pi™ < pq, < pr, (23e)

C5: T, <D, (23f)

where &, can be obtained from Eq. (22), Vn € N,j € N/n,
and {s,,s;} €S.

Constants. The input to the EESM Problem includes the set
of LNs (), their connected appliances sampling rate (X}, for
ith appliance of nth LN), and maximum time D!" within
which an LN n transmits compressed data to the LG.

Variables. The energy consumption &, of an LN n com-
prises 5™ and E¢”™™ which depends on the datasize pg,
and SF s,,. Therefore, the total energy in the LoRa network
depends on vector p, = {pg,,Pq,;---,Pqy} and SF vector
s = {s1,89,...,sn} of all LNs.

Objective Functzon The objective function of EESM Prob-
lem, denoted as 3"V | ¢, is the total energy consumed by
the LoRa network of N LNs for transmitting the compressed
data p,, on SFs to the LG.

Constraints. Constraint C'1 indicates that the energy con-
sumed by any LN does not exceed a threshold E!. Con-
straint C2 tries to equalize the energy level of all LNs, thus
increasing the lifetime of the entire network. The thresholds
E'" and EY' are determined experimentally. Constraint C'3
ensures that the Compression-Decompression model main-
tains the accuracy of LoRa network greater than a threshold.
Constraint C4 tries to compute minimum energy
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consumption among the reduced data size within the range
of p™™ and p;. Constraint C5 ensures that each LN sched-
uled on an SF transmits its data within a specified deadline.

5.2 Solution to the EESM Problem

The solution mechanism of the EESM Problem involves two
steps. Step 1 aims to find out the optimal data size vector for
a fixed SF of N LNs by using the Semi-Smooth Newton
method. In Step 2, we repeat Step 1 for all SFs to find out the
optimal set of SFs i.e., s = {s1, s2, ..., sx} to transmit data to
the LG of optimal size, i.e., py = {pq,,PQ,, - - -, PQy }-

5.2.1 Step 1: Solve the EESM Problem for Fixed SFs

We convert the problem into a Quadratic Programming
Problem (QPP), define the Karush Kuhn Tucker (KKT) con-
ditions, and use Semi-Smooth Newton method for search-
ing the optimal value of p, = {pq,,prq,, --,Pqy} for
fixed SFs.

Convert EESM Problem into QPP: For this purpose, we
convert the problem in Eq. (23) into QPP. In the worst case,
the event is generated at the end of the event window; then
the length [ at layer g + 1 is the same as py;1, i.e., lg41 = Dyy1-
The energy consumption of LN n for every time series data
is given as follows.

Qn_l
&= per1(ap, + az) + asp,, 29
g=1

where a; = , Gy = ”D”’\l"rE"', and a3 = f—;’ Q, is the

number of layers needed for compressing pg, data of LN n.
Assume that the data on each layer of the compression is
% more than the data on that layer after compression. In
other words, the data at layer ¢ is % more from the data at
layer ¢+ 1, ie., p, = po, (/)% %, where 2/ = (1 + %) and
1 < g < @50, Eq. (24) can be rewritten as

1— CCIZ 2Q-3 1— fl,', Q-2

—

Un

2Dy M tEe
l

(25)

Un

KKT Conditions for the EESM Problem.We use the KKT condi-
tion to solve the EESM Problem, where the inequality con-
straints are converted into equality constraints by adding
slack variables, i.e.,

& =E"—y,,VneN,s, €8, (26)
1€ — &l = B — yon,V{n, j} € N, {sn, sjiteS,n#j5, (27)
Ace, = A" + y3,,¥n e N, (28)
PQn = P A+ Yan, V0 €N, (29)
PO, = P1 — Ysn, VN EN, (30)

where {ym} _, are slack variables, Vn € N. Let {A; } ', and
{b;}?_, are N x5 and N x 1 real valued matrix, respec-
tively, u and v € R". Thus, the EESM Problem is

min qu2Q + vaQ
st. Ap, =B,

(31)

where u = {uj,us,...,un},v={v1,02,...,u5}. Assuming

Acc = {Accy, Accy, . . ., Acen},

A quQ + vl
A2 quQ + VT _ gj/pQ

A= A3 = ACC/pQ , and
Ay 1
bl Eih — Yin
b2 Eéh — Yo

b= b3 = Ath + Ysn
b, pmin + Yan
b5 P1 — Ysn

Next, we introduce Lagrangian multipliers o = {a, }2_,, B =
{:Bn}ﬁlel Y= {yn}ﬁizl’ I'= {F”}Q’:I’ and ;: {gn}f:rzl one
for each constraint. The Lagrangian form of Eq. (31) is as
follows.

N
[’(PQaa7 :Ba V’ F7 c) = quz) + VTPQ - Za”L(Apo - bl)

n=1

N N N
- Z Z Brj(A2pg — b2) + Z Vn(Aspg —bs) (32)
n=1 j=1j#n n=1
N N
+ F"r(A‘po - b4) - Z gn(Af)pQ - b5)
n=1 n=1

Differentiating Eq. (32) w.r.t., pg,, we obtain

y‘ﬂ,AcclL + F/L ;IL vlL n

2un8n 7 (33)

pQH, =

where 8, = o, + B8, — 1. The Hessian of the function can
be calculated by differentiating the gradient, i.e.,
Vo, (ypAccn + Ty — ¢ — 8,(2unpg, + vn)) = —2u, 8. Let
assume the slack variable w, = 26, u,pq,. Finally, we use
Semi-Smooth Newton method for optimal solution of the
EESM Problem, as shown in Procedure 1.

Procedure 1. Semi-Smooth Newton Method for Solving
EESM Problem

Input: A, B, u, v;
Output: Optimal data size p, for fixed SFs;
1: Initialization: Data size vector p% < py, slack variable o >
0, iteration k = 0, terminating constant ¢;
do

(pg)* = diag((pq,)", (pay)",-

. Voo, (L(Pga.ByT.8))

dist = % ;

(pg)""" = (po)" + dist;

k+1 - VnACCn + rn {n -
k=k+1;
while ((wk)T(pQ)k’ < e);

n

(pQN)k)}

8 Un;

5.2.2 Step 2: Find Out the Optimal Set of Data Size
and SFs

In this section, we solve the EESM Problem to determine the
optimal set of SFs i.e., s = {51, $2,..., sy} to transmit to the
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LG data of optimal size, ie., py={pq,,PQ,:-- Py}
Algorithm 1 illustrates the steps to solve the problem. Lines
2-4 of this algorithm collect data from appliances for all
LNs. Lines 5-8 of the algorithm run Procedure 1 for all allo-
cated SFs and LNs in the network. An SF s,, € S is allocated
toan LN n € N for transmitting its data if n lies in the range
[0,ds,] of s,, where d;, is the maximum distance at which
the LN n can transmit on SF s,,. Line 8 calculates the optimal
data size for fixed SFs. The optimal solution must also satis-
fies the deadline constraint C5. Lines 9-11 of the algorithm
ensure that the time taken by LNs for transmitting data to
the LG meets deadline. If the calculated total time of any
LN exceeds its deadline, then we check for the next solution,
otherwise create a min Heap tree H based on the minimum
energy consumption by inserting the calculated value of py,.

Algorithm 1. Energy Efficient Smart Metering

Input: Time series of smart meters connected with LNs;
Output: pg = {pg1,P0q:-- - Poy}, 5 = {51,52,...,85x5};

1: Initialization: minHeap H = NULL, Flag = 0;

2: forn < 1to N do

3: fori« 1to D, do

4: Collect data from appliance ¢ for  time interval for all

LNs;
5: for sy «— SF7to SF12 do
6: forsy, — SFT7to SF12do

7: for sy — SEF7to SF12 do

8: Call Procedure 1;
// Deadline constraint

9: forn — 1to N do
10: Tn — Ty?’omp + T‘;’Hrzit + Ty?omm,,.
11: if T,, > D then
12: Flag — 1;
13: break;
14: if Flag == 0 then
15: Insert minHeap(H, pg, s);

16: Extract_Min(H,pg, s);
17: return (pg, s);

Example 2. Let three LN, i.e., N = 3 connected to 2, 4, and
5 appliances (i.e., D1=2, D>=4, and D3=5). Let assume that
Py = {P), P, Py, } is the vector of initial data size of all
three LNs. Procedure 1 calls Eq. (23) which leads to call
Egs. (17) and (20) for calculating the energy consumption
for compression and communication, respectively. For
estimating the compression energy, Eq. (17) needs the
number of layers which is calculated based on the initial
data size. Next, Eq. (20) calculates the communication
energy on a given SF. Procedure 1 is repeated for all three
LNs and calculates the optimal data size which consumes
minimum energy consumption for the given SFs. This
optimal data size is used at Line number 8 in Algorithm 1.
Algorithm 1 checks all the combination of SFs among the
LN to calculate the optimal set of SFs s = {s1, 52, s3} and
optimal data size p, = {pg,;pq,,Pq,} which consumes
minimum energy and meet the constraints.

Lemma 2. The time complexity of the proposed EESM system is
O(Mlog N), where M and N are the total number of LNs in
the network and the number of LNs connected to the LG,
respectively.

Proof. In Algorithm 1, the for loops in line 2 and line 3 take
N x D time for collecting the EMS of each appliance for
all LNs connected to the LG. Let p be the number of itera-
tions for which Procedure 1 calculates the data size for
fixed SFs. As line 8 calls Procedure 1 which is inside N “
and hence its time complexity is O(Np). Similarly, line 10
and line 15 requires NV x p time for N times and N log N
times (average time complexity of the min heap tree),
respectively. Therefore, the total time complexity is
O(Np+ N%p+ N?plog N) = O(N?plog N). Since the total
number M of LNs in the network is much higher than N,
The time complexity of lines 8, 10, and 15 can be approxi-
mated as O(Mplog N). As Semi-smooth Newton method
is used among N LNs, the number of iterations required
for the convergence of Procedure 1 is in the order of con-
stant because of the small value of N. Therefore the total
time complexity, with including O(NlogN) time com-
plexity for line 16, is O(ND + Mlog N + Nlog N). Since
number D of appliances is limited and much smaller than
N, the time complexity of the proposed EESM system is
O(MlogN). ]

6 PERFORMANCE EVALUATION BY SIMULATION

This section validates the performance of the proposed
EESM system through simulation experiments and answers
the following questions:

e How do the parameters of the compression model
affect the compression and communication time,
energy consumption, and accuracy of the EESM sys-
tem? (Section 6.2)

e What is the impact of deployment distribution of
LoRa nodes on the time and energy consumption of
EESM system? (Section 6.3)

e Does the size of compressed EMS affect the energy
consumption and time of EESM system? (Section 6.4)

e What is the impact of the number of appliances and
the consumers on the time and energy consumption
of EESM system? (Sections 6.5 and 6.6)

e Is the proposed EESM system more effective and
energy efficient than the existing works [3], [18]?
(Section 6.7)

Performance Metrics. In the simulation results, we mainly
used time and energy consumption as performance metrics.
The time is the sum of the system delay required for com-
pressing the EMS, waiting for accessing the LG, and com-
municating the compressed EMS to the operators as given
in Eq. (21). The energy consumption is the sum of the
energy consumed during compression and communication,
as given in Eq. (22).

6.1 Simulation Setup

The LSTM model in EESM system is implemented in
python language using TensorFlow libraries. The protocol
for communication of compressed EMS is implemented in
Network Simulator-3 which supports multiple channels,
SFs, and bi-directional networks with a large number of
LNs. Most of the network parameters are obtained from the
datasheet of LoORaWAN Multitech mDot [24], [29]. The energy
consumption of LNs during the idle, transmit, and receive
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Fig. 4. Impact of LSTM parameters on compression and communication
time, consumed energy, and accuracy of the system.

are 2u], 321], and 11u], respectively. We assume the battery
(energy) capacity of each LN is 2400 mAh. We further con-
sider that all LNs have a duty cycle of 1 percent. We repeat
the experiment 100 times by changing the locations of LNs
and the average in results. All the results in this work are
with 95 percent confidence level though the error bars are
not visible in the plots.

6.2 Impact of Compression Model Parameters
We study the impact of LSTM model parameters on the
time required for compression and communication, energy
consumption, and accuracy of the system. The layers of
LSTM and the number of neurons are varied from 1 to 6
and 16 to 512, respectively. Figs. 4a and 4b demonstrate that
with the increase in the number of LSTM layers, the com-
pression time increases while the communication time
decreases. The reduction in communication time is due to
the fact that the decreases of EMS size with the inclusion of
more layers for compression. The increase in the number of
neurons shows a similar pattern, as illustrated in Figs. 4b
and 4d. The optimal condition for both communication and
compression times is achieved with 4 layers and the neu-
rons are arranged in the decreasing order from 128 to 16 in
these four layers. The compression time and communica-
tion time at the optimal point are 7.4 secs and 3.9 secs,
respectively. Similarly, compression energy and communi-
cation energy at the optimal point are estimated as 48 joules
and 33 joules, respectively

The number of layers and neurons also affect the accu-
racy of the system as shown in Figs. 4e and 4f, respectively.
Fig. 4e illustrates the impact of different activation functions
used at each layer of LSTM. We use Sigmoid, Tanh, and
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Fig. 5. Impact of compression on accuracy and communication energy.
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Fig. 6. Impact of LN deployment distribution on EESM system.

Relu activation function for the comparison. The Relu acti-
vation function achieves higher accuracy compared to that
of Tanh and sigmoid functions. The best accuracy achieved
is around 92 percent with 4 layers of the LSTM model.
Figs. 4g and 4h illustrate that the accuracy is the highest
when the number of windows [Z/p]) > 15.

Figs. 5a and 5b illustrate the effect of compression on
accuracy and energy consumption during communication.
The results demonstrate that as the compression of EMS
increases, the accuracy of EMS regeneration at the electricity
operator decreases. It is because, during decompression, we
have to regenerate original EMS using less number of fea-
tures. Next, if we assume an accuracy threshold of 80 per-
cent then compression beyond 60 percent is not acceptable
even if communication energy decreases, as shown Fig. 5b.

6.3 Impact of LN Deployment Distribution

Next, we illustrate the impact of the deployment dist-
ribution of LNs in the network on the total time and energy
consumption of the EESM system. We have performed
experiments on the following three distributions of LN
deployment: (i) uniform distribution, where N LNs are
deployed in the range of 6 SFs such that (§) LNs come in
the range of each SF; (ii) Poissron distribution, in which the
LNs are deployed by using <, where « is the number of
times a SF gets allocated to an LN and I' is the mean of SF
allocation, and (iii) random distribution where the LNs are
randomly deployed in the network. Figs. 6a and 6b respec-
tively show the impact of the number of LNs in three distri-
butions on the required time and energy in the network. An
interesting observation from these results is that uniform
distribution of LNs gives better result than the other two
distributions.

6.4 Impact of EMS Size

Next, we study the impact of the size of EMS on the
required time and energy. For experimental purpose, we
considered 6 appliances EMS as the base size and increment
in percentages of the base size. We also considered 3 con-
sumers (LNs) and 90secs as the average deadline of these
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Fig. 8. Impact of number of appliances attached to an Edge device.

LNs. As the EMS size increases, the compression of the
acquired data also increases for completing the task within
the specified deadline. Fig. 7 shows that the proposed
approach transfers the EMS to the operator within the dead-
line, whereas without Edge computing scheme the required
time and energy consumption is huge. We observe that
EESM system takes less time and energy than the approach
without Edge computing when the size of EMS is large
because other scheme does not compress data and hence
requires large communication time.

6.5 Impact of the Number of Appliances

Figs. 8a and 8b respectively illustrate the time and
energy increase with growing number of appliances.
This is because a larger number of appliances generate
more EMS, thus increasing the data size for compression
and communication. A sharp increase in the compression
and communication time is observed when the number
of appliances reaches 16 (breakpoint). The energy con-
sumption has also the same breakpoint. Figs. 8¢ and 8d
illustrate the time and energy with and without using
the compression model, respectively. As expected, the
proposed EESM system compresses the EMS, consuming
less energy and time.

6.6 Impact of the Number of Consumers

This section illustrates the impact of the number of consum-
ers in the system on required time and energy consumption.
In Fig. 9, EESM result illustrates the system time and energy
for the different number of consumers in the system. The
results show that the increment in the consumers increases
the time and energy consumption of the system. It is
because more LNs send more data to the LG and requires
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Fig. 9. Comparison of time and energy consumption of the EESM sys-
tem with existing works.

more time during communication. The energy consumption
of the system also increases because the increment in the
number of LNs reduces the chance of getting the energy-
efficient SFs for transmitting the data.

6.7 Comparison With Existing Approaches

This section compares the EESM system with Tree-
structure Neural Network model (TNN) [3] and Data
Characterization and Reduction scheme (DCR) [18]. We
compare the proposed work with [3] because it considers
the appliances that are constantly ON, such as fridge
and ON/OFF appliances, such as washing machine. The
proposed EESM system also works on both types of
appliances. We have also considered [18] for comparison
as they use Edge computing technique for reducing data
at the edge devices.

Some appliances are ON for a very short time period and
not frequently such as toaster or water purifier. For success-
fully recognize such appliances, we collect the smart meter
reading of the appliances with high sampling rate. The
results in Fig. 9 illustrate the total energy consumption and
time of the system. To make the comparison fair, we incor-
porate similar computation and communication mecha-
nisms as in TNN and DCR. The results show that the
approach in [3] consumes more energy than the proposed
one. This is because it does not reduce the length of the
energy time series. However, the length of the energy time
series in the practical scenario is very long. The authors
in [3] also claimed that the existing work is suitable for low
sampling rate. Fig. 9 also illustrates that the approach
in [18] takes more energy and time. This is because they use
redundancy algorithm for reducing data which requires
more time than our LSTM model for compression. Another
reason for outperforming of the proposed work with exist-
ing work is that EESM system can compress the EMS based
on the available LoRa network parameter. The EEMS sys-
tem uses full length of the LoRa packets with minimum
packets. The existing approaches compress the EMS on a
fixed size and each packet of the LoRa network is not used
its full length.

7 PROTOTYPE EXPERIMENTS

We built a prototype of EESM system using Edge devices
and LoRa network for compression and transmitting the
EMS from the consumers to the operator. The prototype, as
illustrated in Fig. 10, was deployed in six houses in an apart-
ment at IIT (BHU), Varanasi. Each house in EESM system
considers as consumer which consists different set of appli-
ances. The houses and appliances are represented by
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A LoRanode
LoRa

transmission

Q LoRa gateway

[0 Smart meter

% Wik

- WiFi
transmission

Fig. 10. Smart metering prototype deployed at IIT (BHU), Varanasi. Pro-
totype components: (1) Deployment area, (2) Smart meter, (3) LoRa
IC, (4) Raspberry Pi-3, (5) LoRa Gateway, and (6) LoRa node (Pi +
LoRa IC).

{hl, ceay h()} and {al, .o
Table 2.

.,a12}, respectively, as shown in

7.1 Prototype Specification and Overview

Each house has a smart meter and all the appliances of a
house are connected with its smart meter for estimating
the energy consumption. The smart meter transmits the
energy consumption data to the connected Edge device
attached with the Lora node (LN). The hardware specifi-
cation of the prototype is shown in Table 3. The Rasp-
berry Pi 3 board works as an Edge device for
compressing the EMS and the LN works as transceivers
for communicating the compressed EMS to the LG. The
LG, present in the department, forwards the compressed
data to the Network Server using the internet connection.
Upon receiving data from LG, the NS decompresses the
data and forwards to the electricity operator. Here, a Dell
Inspiron desktop in the lab is acting as both the NS and
electricity operator. A python script is developed for per-
forming the entire operations, including compression,
communication, and decompression. All the components
used in the prototype are shown in Fig. 10. All the results
in this work are with 95 percent confidence level though
the error bars are not visible in the plots.

7.2 Experimental Results

This section discusses the dataset of smart meter readings
and the experimental results.

TABLE 2
List of Appliances in Six Houses (v = Yes; x= No)
Houses Appliances
a a a3 a4 as ag ar ag ag ap a;; a2

hi vox v v v v v x xS
ha v ox v v Vv VvV x x o x /X
hs x v vV VvV vV VvV vV VvV x VvV x V
hy x v ox vV ox x VvV V vV x vV /
hs A A A A 4
he x x x x Vv vV VvV x VvV vV vV V

Pérsonal Comp‘uler —x—' Washing Macﬂine — T
c 120 Air conditioner —x— Microwave —eo— 1
o
“E’_ % %
E w0 :
a 400
g 20 %ﬂaaaaa%—owﬂﬁpwwwwﬂ
S o
>
22 5000000000000 00500000 st
c 0 1
)
0 Lesowesd i i i . .
0 10 20 30 40 50 60 70
Time interval

Fig. 11. Energy consumption of appliances in EESM system.

7.2.1 Dataset Creation

We conduct an experiment to create a dataset using EESM
system. Energy consumption of the appliances captured at
the interval of 20 seconds and the experiment for data col-
lection performed for a total 240 hours. Fig. 11 illustrates the
energy consumption of four appliances. Appliances whose
energy consumption is 0, which means that respective
appliances are OFF. The energy consumption of the Wash-
ing machine is consistently 0 from initial to 30 time instan-
ces because this time the Washing machine is OFF. It can
also be seen that there is a high peak in the energy con-
sumption of Washing machine from a time interval 33 to 46
and afterwards consumes low energy comparatively. This
is because of the washer and dryer ON at the same time for
the interval 33 to 46 and then washer is OFF.

7.2.2 Result 1: Number of Appliances

We evaluate the impact of the appliances on the accu-
racy, time, and energy consumption of the system. The
system periodically collects the smart meter readings
of d appliances individually whether it is ON or OFF,
where d ={2,4,6,...}. The simulation results achieve
better performance than the prototype results. This is
because the signal strength of the LoRa network varies
with the distance and the new obstacles coming in
between transmitter and receiver. The performance of
the LoRa network also depends on the different network
load on the LNs and LG. Network Simulator-3 does not
fully consider these challenges and hence performs better
than the prototype results. Figs. 12a and 12b demonstrate
that the average time and energy consumption of the
EESM system increases with the increase in the number
of appliances. This is because when we increase the
number of appliances, size of EMS also increases as we
have considered energy consumption reading of applian-
ces are captured at a defined interval irrespective of their
energy consumption and the ON or OFF state. The num-
ber of appliances also affect the accuracy of the system
and battery life of the LoRa node (operatilithium-ion bat-
tery) as illustrated in Figs. 12c and 12d. It shows that the

TABLE 3
Hardware Specification of Prototype
Device Specification
Appliances a1 to a1z (Connected with smart meter)

DDS238-4W single-phase

(Attached with Edge device)
Raspberry Pi-3 (Attached with LN)
RFEM95W-868S2 (Communicate to LG)
Drigano LG01-SIOT

Smart meter

Edge device
LoRa Node
LoRa Gateway
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Fig. 12. Impact of appliances on time, energy, accuracy, and residual
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Fig. 13. Impact of number of consumers on time and energy consump-
tion of EESM system.

residual energy of LNs in the EESM system is higher
than the non-EESM system.

7.2.3 Result 2: Number of Consumers

Similar to the impact of consumers (i.e., houses) as dis-
cussed in the simulation experiments (Section 6.6), here we
illustrate the impact of the number of consumers on time
and energy consumption. The results in Fig. 13 illustrate
that both time and energy consumption increase with an
increase in the number of consumers and the connected
appliances to the consumer. An interesting observation
from the result is that energy consumption difference
between the simulation and prototype results increases as
the number of consumers increases. The reason behind this
is the increment in the practical challenges as we increase
the number of consumers.

8 CONCLUSION

In this paper, we proposed an Energy Efficient Smart Meter-
ing system using edge computing in LoRa network. The
system built a deep learning based compression-decompres-
sion model and estimated the required energy and time for
compression and communication of smart meter readings.
The work incorporates Semi-smooth Newton method to
find the appropriate compression size and presented an
algorithm for selecting the suitable SFs in LoRa network.
The experimental and prototype results show that EESM
system has achieved high energy efficiency and successfully
transfer the EMS within the given time.

The analysis of this work considers the SF parameter of
the LoRa network. However, LoRa network also consists of
other parameters, such as bandwidth and coding rate.

Future directions of research include the extension of the
analysis by considering these parameters for improving the
energy efficiency. Along with energy efficient smart meter-
ing, secure communication of EMS is an essential future
direction, which is not covered in this paper.
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