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AUTOMATICUTILITY METER READING

KAICHENG XIE

ABSTRACT

This thesis discusses research in the automation of reading a utility meter. The
hardware required is a wireless camera pointed at the meter to be read. This meter can
be awater, electricity or gas meter. After the wireless camera collects the image from
the utility meter it transmits the image to a computer through a receiver. The computer
analyzes the image with pattern recognition technology to obtain the numbers. We use
image processing techniques in this thesis, including image preprocessing, image
segmentation (Otsu threshold method), and number recognition. Finally we create a

graphical user interface using Visual C#.



TABLE OF CONTENTS

Page

ABSTRACT et e e s et e e e b e e e e nrr e e e e nnnes iv

LIST OF TABLES...... ittt viii

LIST OF FIGURES........ooeiiiiiiiie ettt nnaee e iX

ACRONY MS ..ttt e e s e e e e s saba e e e e e snsneeeeans Xii
CHAPTER

| INTRODUGCTION ... ..ttt e e e e nnsae e e e nnees 1

1.1 BACKGIOUNG......coiuiiiiieiiti ettt 1

1.2 Introduction to automatic meter reading SyStem.........ccccevvvereerieennenne 3

1.3 BrEF NISIOMY .. 4

1.4 Contribution and organization of the thesis.............cccoviiiiniiiiciee, 5

[ PATTERN RECOGNITION ...ttt 8

2.1 Basic concept of pattern reCogNItioN.........coueeveereeereerieee e esiee e 8

2.1.1 The description Of @ pattern..........cocveeeeiiieeiie e 10

2.1.2 Pattern reCognition SYSLEM........c.coiueereeerieeiiiesee e 11

2.1.3 Statistical pattern reCogNItioN...........cocueerveereesiieesieeriee e 12

2.2 ClasSIfIer dBSIGN......ccoeiiiieiie et 13

2.2.1 Template MatChing.........cccueiieeiieiiieeeese e 14



2.2.2 Artificial Neural NEIWOIKS ......cooveeee e 15

2.3 FEAtUre reCOgNITION. ......civieieieiee ettt 16
2.3. 1 Feature SEIECHION. ..o 17

2.3.2 FEatUre eXtraCtion ..........coceiieeiieeiie e 18

2.4 Numerical feature extraction and analysis ..........ccccvveerieenieineennenne 20

2.5 Pattern Smilarity MEASUIE..........oovveiiiieiieeiee e 22
2.5.1 The distance between two Patterns..........cccovevceeneeenieesiieesinns 23

2.5.2 Template matching method.............ccocoeviiiiiicnee 24

[T IMAGE PROCESSING .....cooiiiiiiie ettt 27
3.1 1Mage SEOMENLALION .....ccuveeieieieeetie et 27

3.2 1Mage HISLOGramM.....cccueeieieiiieiee e 28

3.3 Otsu threshold method...........cooeiiiiiii e 32

[V SOFTWARE AND HARDWARE .......oooiiiiiie et 39
4.1 SOFEWEIE. ...ttt sttt be e e 39

A2 HAIAWEAIE ...ttt 42

V EXPERIMENTAL RESULTS ... ..ottt 44
5.1 Conversion of ColOr t0 graysCale ..........cocvvveerieenieeie e 46

5.2 Image binarization (conversion of grayscale to black and white) ........ 47

5.3 Edge detection and number segment detection............ccocceevveeieennenne 48

vi



5.4 Feature seleCtion and eXtraCtiON.........eeeeee e eeee e e e e eeeeeeeeennns 50

5.5 NUMDEr reCOgNITION ........eeeiiiiiiiiiiese e 52

5.6 IMage HISLOGram......ccueeiiiiiiieiee ettt 54

B.7 TESETESUILS ...t 55

5.8 Factorsthat affect resuUltS..........ccoiieiiiiiiee e 57
5.8.1 Effect of radio distanCe..........ooceeiiiiiieiiiiiieeese e 58

5.8.2 Effect of electromagnetic interference..........ccccoevveiveenieeninnnn 60

5.8.3 Effect of light iNteNSITY ......oovveeriiiiieeeere e 61

VI CONCLUSION .....iiiiie ettt sttt e e e e a e e s snsaee e e s nnsneeeeans 63
6.1 SUMIMEIY ...ttt e e sne e 63

6.2 FULUINE WOTK.......eeeiieiiie sttt 64

6.3 Cost and DENEFITS. ....c.veeiiieee e 66
BIBLIOGRAPHY ..ottt e e 68

vii



LIST OF TABLES

Table Page
Table | Digit recognition teSt FESUILS........cccuviieiriieiie e 56

Table Il The effect of transmitter/receiver distance on the wireless camera signal

viii



LIST OF FIGURES

Figure Page

Figure 1 Graph from a residential gas customer showing one day’s usage at 60

MINUEE INMEEIVEAIS ...t 2
Figure 2 Typical US domestic analog electricity meter...........ccooceevveiiieniieeninnns 3
Figure 3 Component units of a pattern recognition System...........ccccccevveeneennne. 11
Figure 4 The basic structure of aneural NEWOrK.............ccooveiiiiincnicneee, 16
Figure 5 Feature selection and eXtraction .............cceceevieenee e s 19
Figure 6 Distance change Method ..o 20
Figure 7 nxmtemplate extraction method............ccooeriine e, 21
Figure 8 N XM PIXEIS. ..o 21
Figure 9 A gray image and itS histogram...........cccceeeieeiiienie e 30
Figure 10 High brightness image and its histogram. ...........cccocceevienieineennenne 30
Figure 11 Low brightness image and its histogram.............cccocceevienieiieennenne 30
Figure 12 High contrast image and itS histogram............cccoceveveenieeniesneesneene 31
Figure 13 Low contrast image and itS histogram. ..........cccoeeeeieenieeniecnieeseene 31
Figure 14 The histogram with two peaks............cccevieiiiiiniiinieneeee e 33
Figure 15 The histogram with asingle peak ...........cccceveerieiiiene e 33



Figure 16 Original utility meter image#1L .........oooviieiiieenie e 36

Figure 17 Histogram of utility meter image #1.........cccovvvevieineeniiesee e 36
Figure 18 Black and white image with threshold value 64..............c.ccccceeneeee. 37
Figure 19 Black and white image with threshold value 51.............cccccceveeneene. 37
Figure 20 Black and white image with threshold value 90..............ccccceveeneeee. 37
Figure 21 USer INTEITACE........oiiiiiiie et 40
Figure 22 The wireless cameraand gas MELer ..........cccovcvvereeiieenieenee s 43
FIQUIrE 23 RECEIVET ......coiiieiee ettt 43
Figure 24 The basic process of the automatic meter reading system................. 45
Figure 25 Original utility meter image#2 .........ovvveieeiieenie e 47
Figure 26 GraySCale IMagE ........cocueiiiieiieiiee et 47
Figure 27 Black and Whit€ image...........ccooieeiiiiiiiiie e 48
Figure 28 Original image with red rectangles.............ccocvevieiiiiniienie e 50
Figure 29 Seven digitS.......ccooiii it 50
FIgure 30 6X 1L fEAIUMNES .......eeiiieiiie sttt 51
Figure 31 Some samplesinthe database............ccocvvveeiiienic i 54
Figure 32 Data hiStOgram..........coouiiiiierieeeiie et 55
FIgUIre 33 Digit SEVEN.......iiiiieiie ettt 56
FIQUIE 34 Digit ONB.....ooieeieiiiieiie ettt n e 56



Figure 35 Example of failed utility meter reading

Figure 36 Reading during a transition from 1 to 2

xi



ACRONYMS

AMR automatic meter reading
PR pattern recognition

OTM Otsu threshold method

| P image processing

NR number recognition

B& W black and white

Xii



CHAPTERI

INTRODUCTION

1.1 Background

The purpose of this thesisisto report on research to automatically read a utility
meter. Automatic meter reading (AMR) is used to collect the image or data from a gas,
electric or water meter and then transfer the information to a base station [17]. We then
use recognition technology to analyze the data to get the information that we are
interested in [30]. The motivation for thisthesisisthat AMR can let energy companies
keep track of the consumption of a utility meter remotely without sending a utility

employee to collect data, which should save money for the companies [7]. Besides,



from the datain Figure 1, we believe that if a customer knows the utility amount they
consume they can make better use of the energy and save money as well. In order to
realize this goal we use a method called pattern recognition in this thesis.

Pattern recognition is a technology which includes face, voice, and fingerprint
recognition [12]. Today it is being applied to more and more fields than ever before,
and we use number recognition in thisthesis. Number recognition has been widely used
in identification, asset management, highway toll management, access management,
and pet management just to name a few. It can also be applied to business management

by increasing operational efficiency to reduce labor costs[23].
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Figure 1 Graph from aresidential gas customer showing one day’s usage at 60
minute intervals




1.2 Introduction to automatic meter reading system

Automatic meter reading combines the mechanical rotary-type counter with its
related technologies, such as advanced control, wireless digital communication, sensor,
embedded system, and database management system. It displays the amount of utility
that has been consumed [10].

The system has completely changed the old tradition where the energy company
sends a utility employee to collect data from a meter that is located on a customer’s
property. The data collected tells the utility company how much of the utility the
customer consumed in a certain period of time. This system would automatically
collect data from a meter remotely and then transfer the data to a database, which
results in a bill to a customer. Thereby it saves alot of manpower which in turn would
save money for the company that then can pass the savings on to the customers [10].

Figure 2 shows atypical utility meter.

Figure 2 Typical US domestic analog electricity meter, public domain image
taken from http://en.wikipedia.org/wiki/Electricity _meter
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1.3 Brief history

During the 1970’s an inventor named Theodore Paraskevakos invented a system
to monitor security, fire, medical and utilities by digital transmission. This technology
later developed into a new technology known as caller id [1].

In the late 1970’s he established a new company. Here is where Paraskevakos
developed and produced the first fully automated remote meter reader. This system
was created before the internet was developed into the technological marvel that it
now is. The meter reader was created and developed based on an IBM series 1
mini-computer [1].

One of the biggest reasons for the push of using the new technology is not just
for reducing labor costs but to obtain data that is sometimes not attainable by other
methods. Many utility meters are located in an area that is not easily accessible
without an appointment with the property owner. Today, with inflation out of control
and commodities becoming more and more scarce, utility companies can no longer
just estimate the usage of these commodities. This is another reason that utility
companies are changing over to automate the task of meter reading. This will be
totally different from the old method of walk-by for residential customers. Another
method used in the old system was by using the telephone system to retrieve

information from commercial and industrial customers. Now with the new system
4



reading the meters can be done as often as once per hour rather than once per month.
The sales of drive-by and telephone meters have declined dramatically in the U.S,,
and the sales of fixed network (an AMR method permanently installed to capture
meter readings) have increased [1].

AMR has numerous benefits over manual reading and some of the most
important benefits include: (1) accurate meter reading; (2) energy management
through data graphs; (3) low cost; (4) reliable datatransmission; (5) improved billing;
(6) security for premises; (7) lessfinancial burden correcting mistakes; (8) lesstimeto

obtain meter readings [37].

1.4 Contribution and organization of the thesis

A new AMR method is presented in this thesis. The contribution of the thesis is
to use a wireless camera, areceiver connected to a PC, and a user interface written in
C#, to make an AMR using existing utility meters. This will limit the need for
designing a new utility meter for AMR. The main goal of this thesis is aimed at
helping energy companies save on labor cods. There are a few methods that we
combine to automatically read the utility meter. Our design combines radio

technology with a wireless camera to receive data and transfer it to our base station,



which is a computer, to analyze it. The biggest advantage of our design is its
simplicity and inexpensiveness and the disadvantage is that this new AMR method is
sensitive to the environment (e.g., light intensity). In Chapter 6 we discuss how the
new AMR technology helps energy companies save money, as well as give some
suggestions to improve our design. There are several main methods or concepts in this
thesis. They are image processing, number recognition (pattern recognition), and
AMR.

Thethesis is organized into six chapters. We mainly focus on two concepts in the
thesis. pattern recognition and image processing. We do not discuss the computer
network technology of AMR to any great extent.

In Chapter 1, we mention the importance of AMR and some basic conceptsrelated
to it. In Chapter 2 we talk about pattern recognition, which is used to recognize the
number on the meter. We introduce the concept of pattern recognition, some
preprocessing steps of recognition, and how to design a classifier (simply speaking, we
canregard a classifier asablack box [12], to which we input some data and then it tells
us the results). We also discuss some important factors of pattern recognition.

We discuss image processing in Chapter 3. This part is very significant to the
whole. Since the main goal of the thesis is to recognize the number [12], we discuss

image processing and an algorithm called the Otsu threshold method in this chapter.
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The main point of Chapter 4 is the hardware and the software. We discuss the
hardware used in the thesis and explain how to use the software as well.

In the last two chapters, we present the experimental results of the research and
some details about it, and we also explain every step of the experiments in detail.

Finally, we summarize the whole thesis and give some suggestions for future work.



CHAPTERII

PATTERN RECOGNITION

There are a few technologies discussed in this thesis, but the core technology of
our thesis is pattern recognition. Other technologies are also important in AMR, such
as networks, management technology, etc. However the focus of this thesis is pattern

recognition and that is what we primarily discuss in the following.

2.1 Basic concept of pattern recognition

Pattern recognition, which is also called machine recognition, computer

recognition or automatic recognition, allows a machine to identify things automatically.



For example, the purpose of handwritten number recognition is to assign handwritten
numbers to certain number categories; the task of an intelligent traffic management
system is to determine whether there are cars running red traffic lights, and to record
the license plates of vehicles running them. Pattern recognition allows the machine to
accomplish things previously only done by humans, and it enables phenomena analysis,
description and judgment. Pattern recognition is intuitive and ubiquitous. For example,
human beings are engaged in the activities of pattern recognition in every aspect of
their daily lives. It isrelatively easy for humans and animals to recognize things, but it
is very difficult for a computer. In order to let the computer identify and classify an
object, we need to develop methods of identification, which is the task of pattern
recognition.

The purpose of pattern recognition isto use acomputer to classify physical objects
and make the result as close to the object as possible with the least error. The basic
method used in recognition is calculation, and pattern recognition calculates similarity
between the object being recognized and a standard template. For example, in order to
identify a handwritten digit, we compare it with atemplate digit from zero to nineto see

which template is the closest to it.



2.1.1 The description of a pattern

In pattern recognition technology, each object being observed is called a sample.
For example, in handwritten numeral recognition, each handwritten digit can be used as
asample. If we need to recognize N digits, we have N samples (X1, Xz, X3, X4, ..., XN).

For a certain sample, it is very important to choose the relevant factors for
recognition, and each of these factorsis called afeature. The pattern can be represented
by a set of features and this set of features we form an eigenvector called a feature
vector. Generally, we use lowercase variable names to represent each feature. If a
sample X has n features we regard X as an n dimensional vector. The vector X consists

of feature vectors, denoted by [12]

X=|x = (Ilr Xs: Iﬁr'“xﬁr)r
@2.1)

If we have atotal of N samples, and each sample has n features, we can form a matrix of

n rows and N columns with these values [12]:
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2.1.2 Pattern recognition system

A typical pattern recognition system is made up of data mining, preprocessing,
feature extraction, feature clustering, and a classifier. Figure 3 depicts pattern

recognition in the form of a flow chart.

Coames |
Il

[ Preprocessing }

[Feature extraction }
[ Classification 1

Figure 3 Component units of a pattern recognition system
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The first step is data mining. There are several datatypesthat computers can use
to represent the study of objects. for example, a one-dimensional wave such as
electroencephalography and electrocardiography; a two-dimensional image such as
text, fingerprinting, maps, and photos; and physical parameters and logical values such
as body temperature and laboratory data.

The second step is preprocessing which includes recovery, noise cancelling, and
extracting useful information from the input data. This step is used to acquire
information useful for recognition.

The third step is feature extraction and selection. This step is used to obtain the
features from the original data to represent the basic characteristics of an object.

The last and most important step is to design a classifier. The first step of this
designisto choose acost function; the second step is to enhance it by checking itserror
based on a sample training set. Overall, the main purpose of pattern recognition in this

thesis is to use a computer to recognize and classify samples[12].

2.1.3 Statistical pattern recognition

The research on satistical pattern recognition includes feature selection,
optimization, classification, and clustering. It is very important to choose the

appropriate feature space to design a pattern recognition system. There are two basic
12



methods to optimize the choice of the feature space. One is feature selection and the
other is feature optimization. For example, if we want to identify oranges and apples,
we can select a feature by distinguishing them by shape or color, and then we still can
optimize the feature. As long as we observe them carefully then it’s not hard to find
out there is an easier way to tell the difference between apples and oranges by their
color than their shapes.

If we assume that we know some samples and their features, then one
classification problem is to recognize the Arabic numerals from zero to nine by
comparing them to a known sample in the database. By recognizing these digits, the
system must “know” the shape feature of each handwritten digit. One problem that
exigts is that different people have different ways of writing each digit. Even the same
people may have different ways of writing the same digit. In this case we should let the
system know what category the digit belongs to. Therefore we should establish a

sample database.

2.2 Classifier design

The classification problem in pattern recognition is to assign an object into

different categories according to its observation value [42]. The steps are listed as
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follows: (1) We establish atraining set in feature space. (2) We suppose that we already
know every point’s type in the training set so that we may find the optimal cost
function or approach for pattern recognition. (3) After we choose an approach or a cost
function, then we can determine parameters according to those conditions. The

following sections discuss two separate approaches to classification.

2.2.1 Template matching

This method is based on the concept of similarity which isthe simplest and most
straightforward method. In this method, we compare a pattern being classified with the
standard template to see which pattern has the highest similarity. For example, A class
has 10 training samples, thusit has 10 templates, while B class has 15 training samples
which means it has 15 templates. Then we try to classify the testing sample by
calculating the similarities between it and the 25 templates. If we find out it is similar
with onetemplate in A class we confirm that the testing sampleis A class, otherwiseit is
B class. Theoretically the template matching approach is the simplest but its biggest
flaw isthe large amount of calculation and large amount of storage needed. We need to
store quite a lot of templates and we need to compare each one many times, and this
leads to alot of computation time.

14



2.2.2 Artificial neural networks

Training and machine learning is a scientific discipline that tries to find the
optimal solution for some mathematical formula based on a training set. This optimal
solution allows a classifier to obtain a group of parameters [25], and with this group of
parameters we can use the classifier to achieve the best performance.

When we talk about training or machine learning, we are likely to refer to several
concepts. The first one isatraining set which is aknown sample set. Like its name, we
use this known set to train a classifier. The second one is a test set which is an
independent sample set that has not been used during the design of the pattern
recognition system [25].

An artificial neural network is a mathematical model or computational model that
serves to imitate the way people think, and it is a non-linear and adaptive dynamic
system that changes its structure based on external or internal information. It consists of
an interconnected group of artificial neurons and processes information using a
connectionist approach to computation. Overall, a neural network satisfies many
desired features such as parallel processing, continuous adaption, fault tolerance, and
self-organization [19]. Therefore we can use artificial neural networks to solve the
non-normal distribution and non-linear problem effectively. Figure 4 showsthe scheme

of aneural network.
15
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Input

Output

O—>0

Figure 4 The basic structure of a neural network, public domain image taken from
http://en.wikipedia.org/wiki/Artificial_neural _network

2.3 Featurerecognition

In most cases, the input set isa multi-feature, high noise, and non-linear data set in
practical applications. There are some influential factors that we should consider such
asif the size of the training set is small. In this case we should use many features to
train a classifier, which leads to increasing the complexity and calculation. Therefore,
how to condense a high dimensional feature space becomes a big problem. Generally
speaking, there are two approaches; one is feature selection, and the other is feature

extraction.

16



2.3.1 Feature selection

Feature selection in pattern recognition is an important issue. The amount of data
that is obtained directly from the sample is usually very large [32]. For example, we
can have hundreds of thousands of characteristics in a normal image and the amount of
dataof a satellite image is even more. In order to identify an object accurately we need
to select its features carefully. Feature selection is to extract those features that can be
distinguished from other features in the original data; therefore these features can
represent the nature of objects. If we can find these different types of features from the
input data we can simply translate pattern recognition to a look-up table problem,
which makes the problem much easier.

To design a classifier is to choose the kind of features that describe an object,
which is the same as choosing an appropriate feature space [42]. For example, color is
a feature to distinguish between red and green lights, because one object isred and the
other is green. We can easily tell the difference between ared light and a green light by
color. But it is very difficult to distinguish a human face if we try to use color as a
distinguishing feature.

We are often faced with keeping some data and abandoning others when we select
features especially if a large number of features is available. Therefore, we have to

choose features carefully which means that the feature size should not be too large or
17



too small. If the size istoo large, it takestoo much computation time; on the other hand
if it istoo small it may be very difficult to recognize the object. In either case feature
selection is the process of choosing the most effective features from a set of featuresin

order to achieve the purpose of reducing the feature space [38].

2.3.2 Feature extraction

The definition of feature extraction is mapping or transforming a high
dimensional feature vector into a low dimensional feature vector [38]. The feature
vector obtained from feature extraction is a certain combination of the original feature
set and the new feature vector that includes all the information in the original feature

vector. Figure 5 shows the steps of feature selection and extraction.

18



{ Collection of training samples }

1l

{ The establishment of the sample features }

Il

{ Analysis of feature library }
1L

{ Sample selection }
1L

{ Feature selection }
1L

{ Feature evaluation }
1L

{ Feature extraction }
1L

{ Analysis of feature space }

Figure 5 Feature selection and extraction
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2.4 Numerical feature extraction and analysis

There are a few methods to extract numerical feature. Distance change method is
shown in Figure 6. As the method’s name implies, we keep track of the distance
between the left border and the number. We know the shape of the number from the

change of the distance [36].

Figure 6 Distance change method

The other method used in thisthesisis nxmtemplate extraction [36]. This method
is shown in Figure 7. We divide the image into nxm parts and each part has several
pixels which makes it a “super” pixel. Therefore there are nxm “super” pixels. The

main idea of this method isto regard the image as an nxmimage, and then recognize it.

20



Figure 7 nxmtemplate extraction method

Figure 8 nxm pixels

Figure 8 shows nxm super pixels. We first find the start position of each sample
and then find out the height and width of the sample. Second, we divide the height into
n parts and the width into m parts which makes an n xmregion. For each region we need
to calculate the number of dark pixelsin thisareaand then divide the number by areato
obtain the feature value. The greater the nxm value the more features, which also
means the higher the recognition rate may be, but at the same time it is more likely to
increase the calculation, the computation time, and the sample database size [ 36].

Generally speaking, the number of samples should be at least 10 times the number

of features [26]. Let’s suppose that we take n=6 and m=4. This means that we need at

21



least 4x6x10 samples for each digit. Therefore we have total 4x6x10x10 samples for
all 10 digits, which is quite a large number.

The benefit of the nxm template extraction method is that we can use it on
different size numbers, which suggests that we can regard those samples with different
sizes as the same type. We require that the height and width of the number should be at

least four pixels, or it may be too small to recognize.

2.5 Pattern smilarity measure

The most basic research question of pattern recognition is the similarity
measurement between two samples. We often use the nearest neighbor method to
measure similarity, that is, we compare each pattern being recognized with standard
samples to see which sample has the highest similarity. In principle, the nearest
neighbor method is a template matching method. There are several approaches to
measure similarity: Euclidean distance, Mahalanobis distance, cosine angle distance

and Tanimoto measure of similarity [27].
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2.5.1 The distance between two patterns

Suppose that we have two patterns X; and X; and their feature vectors are

Xi1
X =" = (2 ,)”
(2.3)
_xr'n
X4
X,
2 T
X_,r' | 4= (I_,r'l I_,r'lf' -, I_,r'n)
5 | (2.4)
and the Euclidean distance is given by [27]
2
DZ =(X- X)) (X, - X;) =[X; - X
3
=a (% - Xjk)2 (2.5)
k=1

If the Dgj value is small then the distance between the two patternsis also small, which
means the similarity is high.
We can also find the distance with the Mahalanobis distance given by [27]
Dy, =(X;- X)TS (X, - X)) (2.6)
with the covariance matrix

s=_1 3 (X - X)(X - X)T
N-1< [ i

2.7)
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5 (2.8)

1
NG

Qo=

X =

If the Dwij value is small, then the distance between two patterns is also small, which
means the similarity is high.
Another way of finding the distance is by the cosine angle distance given by the

formula[27]

XTX. (29
X4

If & is large this means the similarity between two patternsis high.

St(Xi,Xj):Coqu:

If all the features in a vector are binary values, then we use the Tanimoto measure
of similarity which is given by the formula[27]

XiTXj (2.10)
XX +XjTXj - XiTXj

SI'(Xi7Xj):COSqT -

If St islarge this means the similarity between two patternsis high.

2.5.2 Template matching method

Suppose we have a template A and a template B and there are n-dimensional
feature vectorswhich are given by Xa= (Xaz, Xaz, Xaz, .., Xan)" and Xg= (Xa1, Xe2, Xas, ..,
Xgn)', and the pattern being recognized is X=(X1, X2, Xa...., Xn)'. Let’s use the template
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matching method to classify the pattern X. We assume that we have two classes. We

know that the distance between arbitrary point X and arbitrary point Y is given by

1

éd U2
D(X,Y)=gad (- ¥y
€i=1 u

(2.11)

According to the Euclidean distance principle we can find out that

D(X,X,)<D(X,Xg,)bp XT A (2.12)
D(X,X,)>D(X,X,)P X1 B

Let us suppose that we have M classes given by w1, w2, ws,..., oy, and

) 219

%, (2.14)
where X is the feature vector of the pattern being recognized. When we try to calculate
the distance, if there existsan i that makes

D(X;, X)<D(X;,X),j=1 2L, M, it ]j (2.15)
then X Ew;.

The Euclidean distance between X and X; is given by [27]
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D(X, %) =[1X - X,["=(X - X)) (X - X))
=XTX- XTX - XTX+ XX
= XTX - (XTX, + XX - XTX)) (2.16)
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CHAPTER 11

IMAGE PROCESSING

I mage processing is based on the principle of recognizing certain patterns within
an image. We can then use the image processing technology to obtain the information
that we are interested in. This thesis uses formulas to recognize certain patterns that

exist within an image. Therefore we now discuss image processing.

3.1 Image segmentation

I mage segmentation is the most basic and the most important task in the image

processing system. The results of image segmentation affect feature extraction and
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target recognition. A very practical approach to image segmentation is threshold
segmentation because it is the fastest and easiest to implement. Most threshold
segmentation methods are based on the one-dimensional gray level histogram which
comes from a two-dimensional image.

In threshold segmentation we assume that there is a very clear gray-scale
distribution between the objectives and the background. This means there are two or
more peaks in the histogram. The task of threshold segmentation is to select the
thresholds to separate these peaks. The result of the threshold segmentation isto assign
a background color to those pixels which are greater than a certain threshold value and
to assign atarget color to those pixelswhich are less than the threshold value. There are
two methods in threshold segmentation. One is the global threshold method and the
other is the local threshold method. We can only use one threshold value in the global
threshold method but we can use several threshold valuesin the local threshold method.
In thelocal threshold method the whole image isfirst divided into many sub-blocks. We

then use different threshold values for each of the individual blocks.

3.2 Image Histogram

For an image with L levels of grayscale the number of pixels with a gray level
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value k is determined by a discrete function [26]

pif.)=n/n k=01 2,.... L-1 (3.1)
In this function f indicates the k-th gray level, ny is the number of pixelswith gray level
values fi, nisthe total number of pixels, and L isthe total number of gray levelsin the
image.

An image can contain a lot of information. How to extract information and find
out the features of those images is important for image processing. The grayscale
histogram shows the distribution of the gray within the image. That information is
extremely important in image grayscale transformation and image processing.

Figure 9 shows a gray image and its grayscale histogram. We can then easily find
out that the histogram is a two-dimensional graph and the graph is proportional to the
probability mass function of the gray levels. Mathematically, it describes the statistical
properties of the gray value of the image and it also shows the probability of each
gray-level pixel that appears. In Figure 9 the x-axis shows the gray value which ranges

from O to 255 and the y-axis represents the number of occurrences of that gray-level

pixel.
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Figure 9 A gray image and its histogram, public domain image taken from
http://book.csdn.net/bookfiles/974/10097430283.shtml.

Figures 10, 11, 12, and 13 show four images acquired from the same image and
their grayscale histograms. They are high brightness, low brightness, high contrast, and

low contrast. The right side of each image is its corresponding histogram.

Jica
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Figure 10 High_brightness image and its histogram, public domain image taken
from http://book.csdn.net/bookfiles/974/10097430283.shtml.

J e Me s

Figure 11 Low brightness image and its histogram, public domain image taken
from http://book.csdn.net/bookfiles/974/10097430283.shtml
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Figure 12 High contrast image and its histogram, public domain image taken from
http://book.csdn.net/bookfiles/974/10097430283.shtml.

Figure 13 Low contrast image and its histogram, public domain image taken from
http://book.csdn.net/bookfiles/974/10097430283.shtml.

The 8-bit gray scale represents 256 levels of gray. That is, the grayscale ranges
from O to 255, where 0 is black and 255 is white. In the high brightness images
gray-scale bars are located on the right side of the histogram, while the bars are
located on the left side of the histogram in low brightness images.

In ahigh contrast image the gray bars cover a wide range and the distribution of
gray-scale bars is more uniform than in other images. In a low contrast image, the

gray-scale bars are mainly located in the middle of the histogram.
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3.3 Otsu threshold method

Maximum between-cluster variance, also known as Otsu method, was established
by a Japanese scientist in 1979. It isused to automatically determine the threshold value
on a histogram. It is actually a method to search for the threshold that minimizes the
weighted within-class variance, and the variance here represents the difference between
the foreground and the background [21].

This method divides the image into two parts, which are the foreground and
background according to their gray-level and threshold value. The more the inter-class
variance between the background and the objectives, the more the difference between
the two parts of the image. The optimal threshold value is the value for which the
difference between these two parts is greatest. The Otsu threshold method is very
sensitive to noise and the size of the image. It produces better results when the graph of
between-cluster variance is a single-peak graph. Figure 14 shows the image and its
histogram with two peaks and Figure 15 shows the histogram with a single peak. The

Otsu threshold method does not work well with the image in Figure 14.

32



=0 100 150

Figure 14 The histogram with two peaks

100 150 200

Figure 15 The histogram with a single peak

The Otsu threshold method is a global non-parametric, unsupervised, and
automatic threshold selection algorithm. If there are N pixelsin atwo-dimensional gray
image and the gray levels of those pixels are from 1 to L then the number of pixels at
level i isdenoted by n; and the histogram of gray level isregarded as adistribution [33]
given by

P=n/N,P30 (32)

(3.3)

Now suppose that we divide the pixels into class C; and class C; by the threshold
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value k. If one of these classes is a background and the other one is an object then C; has
gray levels given by [1,..., k] and C; has levels given by [k+1,..., L]. Then the

probability distributions of the gray levels of these two classes are given by [33]

k
C,iwy(k) =@ R =w(k) 5o
i=1
L
C,wy(K)= Q R =1-w(K) &9
i=1+k
The mean gray levels for classes C; and C; are given by
. § iP _mk) (3.6)
m=aik(|C)=a =
i=1 = Wi (K) - wi(k)
5. s iIP _m-mk) (3.7)
=aibPr(i|C)= — =
m i:aljrk ’ i:ar:sz(k) 1- w(k)
where
k
=4 iP 9
i=1
g 3.9
m=mL)=§iP 59
i=1
We can also easily verify the following relation
w,m+w,m =m (3.10)
W +w, =1 (3.11)



The class variances are given by [33]

K k
S12 = é (i - m)z Pr(i|C,) = é (i - rq)2|:)I /w, (3.12)
S22 = é (- mz)z Pr(i |C,) = é (i - n})ZR/WZ (3.13)

= =14k
We can use the Otsu discriminant analysis to define the between-class variance as [21]
S =Wy (M- m)* +w,(m - m)°

=w,nT - 2w,mm +w,nT +W,nT - 2w,mm +w,nyt

=W, NT +W,NT - 2m (W,m +w,m,) + (w, +w,)nf

=w,nT +w,nt - 2nT +nf

=w,n? +w,nt - nf

=W, NT +W,NT - w’nt - w’nt - 2w,mw,m

=w,nT (1- w,) +w,nT (1- w, ) - 2w,mw,m,

= WW, T +WW, 1T - 2w, mw,m,

=WW, (m - m,)° (3.14)

According to the Otsu method if we choose an optimal k value so that og? is maximized
then [21]

s (k9= maxs 5(K) (3.15)

so that we can have best performance.

Figure 16 shows an original image to be transformed. If we use the Otsu threshold

method to transform the color image to a black and white image with different
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threshold values then the images are shown in Figures 18, 19, and 20. Figure 17 shows
the histogram corresponding to Figure 16 (we use MATALB® to plot a gray-level

histogram).

Figure 16 Original utility meter image #1

i
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Figure 17 Histogram of utility meter image #1
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Figure 18 Black and whlte image with threshold value 64
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Figure 19 Black and white image with threshold value 51
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Figure 20 Black and white image with threshold value 90

From the black and white images with different threshold values we can easily see

that the threshold value is avery important factor for image processing. If the threshold
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value is too large then the B& W image will be too dark, and if the value is too small

then the B&W image will be too light to recognize.
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CHAPTERIV

SOFTWARE AND HARDWARE

4.1 Software

We use a computer language called Visual C#* to write an executable program
(see Figure 21). The software runs on all Windows” operating system platforms. In the
program there are five buttons. preprocessing, recognize, plot, cost and load as shown

in Figure 21.

39



Ehil=0d=08 143700 water mater fpg  The Beslers i3 T4 R
SO0 (4280 waiew maier pg Thes Bomlears {5 T 54
-T-0T 055105 walew waler JRg Thet Brmbears ix TG 91
HO-03-0T 0550 46 valer saler 1P T Banbeare an T80

Figure 21 User interface

When we click the preprocessing button the wireless camerawill start to work and
the computer will obtain the image from the receiver and save the image in a special
location. The next step isto locate the number in the image when the red rectangle pops
up on the screen. When you finished locating the numbers by dragging the red
rectangles, the computer will save the coordinate of each number as abinary file. The
next time when it startsto recognize the number the computer will segment the number
with the coordinates that were saved. If we click the preprocessing button the computer
will “remember” the location of each digit. Therefore technically we do not need to

click it again unless someone has moved the camera or we want to test it.
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The next button is the recognize button. This is one of the most important buttons
in manual mode. When we click the recognize button several things happen. First the
computer takes the image from the saved location on the hard drive. Second it uses the
Otsu method to convert the color image to a black and white image, which is done for
recognition. Third the computer segments each individual number from the image,
where each digit is 66x36 pixels. Fourth the computer extracts features from those
numbers. Fifth the computer compares each digit with a sample stored in the database
to check which number it is. In the sixth and final step the computer combines the
individual digits and displays the number on the textbox in the user interface. The
computer also saves the data, including the date and number, into atext file.

The load button will display all the historical data. The next button is the plot
button. When it is clicked a histogram will show up in the user interface to give a
historical record of utility usage. The cost button functions similarly to the plot button.
When we click it the user interface displays historical record of cost.

Last, wetalk about additional issues here. Since the wireless camera and receiver
system are purchased from VideoHome, a Taiwanese company, we do not have a SDK
(software development kit) for the hardware. Therefore, in the beginning of this
research, we could only use the receiver to collect the image from the wireless camera,

but we could not manipulate the wireless camera without our program. We needed to
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connect the hardware with the software. We found a C#* class (open source) which is
developed by Microsoft online, and this C#” class can control the wireless camera. This
class is named “GetVideo” which is a very universal class; it can manipulate a lot of
cameras no matter what brand they are. All we needed to do was to change some
parameters in the class to achieve our goal.

Another issue wasthat when we tried to plot the histogram in the C# environment,
we found out that there was not any controller in the standard toolbox that met our
requirement. We found a free controller called “zedgraph” that worked well with the
code.

Even though we have finished the thesis, we still find the research has room for

additional work, which we discuss in the following section.

4.2 Hardware

The camera (Figure 22) that we use has awirelessradio built into it. It is made by

a Taiwanese company called VideoHome Technology (www.videohome.com.tw). We
bought our camera from a distributor called SuperDroid Robots that specializes in

robotics equipment (www.superdroidrobots.com). The camera costs $33 and has a

built-in transmitter (SuperDroid part # WC-046-000). The receiver (Figure 23) costs

42



$66 and can receive up to four different camera images (SuperDroid part #

WC-035-000).

Figure 22 The wireless camera and gas meter

Figure 23 Receiver



CHAPTERYV

EXPERIMENTAL RESULTS



24.

In this chapter, we present experimental results based on the steps shown in Figure

[ Read image from wireless camera }
I}

[ Convert color image to grayscale image }
1§

{ Convert grayscale image to B& W image }
1§

{ Edge detection }
I}

{ Extract features }
I}

{ Number recognition ]

Figure 24 The basic process of the automatic
meter reading system
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5.1 Conversion of color to grayscale

Since the color in a number does not contain any information, we need to convert
the color to black and white image (or gray image) so that the image isreadable. If each
pixel in the image isasingle sample, we call thisimage a grayscale image. A grayscale
image carries only intensity information which means that the value of red, green and
blue of each pixel are equal (while the RGB values of each pixel in a color image are
different). Figure 25 shows the original image and Figure 26 shows the result after
conversion. There are several approaches to convert a color image to a grayscale image.
In this thesis we use the following formula[8]

(11" R+16" G+5' B)/32 (5.1)
where R, G, and B are the red value, green value and blue value of each pixel
respectively. This method is called the luminosity method. This formula is formed
based on human perception. Because humans are more sensitive to green than other

colors, green isweighted most heavily [8].
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Figure 25 Original utility meter image #2

Figure 26 Grayscale image

5.2 Image binarization (conversion of grayscaleto black and

white)

After we convert the color image to agrayscale image, each pixel of the image has
only one value, and we call this value the grayscale. This grayscale value denotes the

luminance level. For further recognition, we still need to convert grayscale to binary
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(black and white image). Here, we use the Otsu threshold method to find the threshold
value and then convert it. We have already discussed the concept of the Otsu threshold
method in detail in former chapters, so we do not talk about it here. After binarization,

we obtain the image shown in Figure 27.

C UBlC FEET *

Figure 27 Black and white image

5.3 Edge detection and number segment detection

The edge detection we use here is a little different than that to which people
usually refer. Edge detection is a basic problem in image processing and computer
vision; edge detection aimsto point out where the brightness of digital images changes
sharply. Instead of automatic detection, we use manual detection. Generally speaking,
the utility meter islocated outside of the house, which means when we collect the data
from the meter we may face different weather situations. Therefore we derive a new

approach here. As Figure 28 shows, we create some rectangles to locate the numbers,
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with which we can increase the recognition rate.

In a way this is manual recognition, however, after the system is calibrated, it is
automatic recognition. We locate the numbers manually the first time; after that the
computer can “remember” the location, and locate digits according to last manual
calibration. Therefore, thisis still an automatic recognition. In our program, we simply
click the preprocessing button, then the image will appear with those rectangles. Then
we can move these rectangles by clicking and dragging with the computer mouse to
locate the number areas, and the computer will save the locations automatically. Next
time you click the recognition button, the program will crop the number areas based
on the saved locations. Figure 28 shows the original image with red rectangles and

Figure 28 shows the result after image binarization and number segmentation.
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Figure 28 Original image with red rectangles
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Figure 29 Seven digits

5.4 Featur e selection and extraction

After we segment numbers, now we can extract the features from each of them.
Like we mention in Chapter 2, though we have a few methods to extract features, we
simply use nxm template extraction in this thesis.

The size of the original image the computer acquires from the receiver is
720x576 pixels and each digit is 36x66. We use nxm template extraction to divide it.

We take n=6 and m=11, which means we have 66 super pixels and the size of each
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super pixel is6x6. Here, we explain why we chose the super pixel as 6x6. The factors
of 36arel, 2, 3,4, 6,9, 12, 18 and 36, and the factors of 66 are 1, 2, 6, 11, 33, and 66.
So there are 9x6=54 possible combinations of n and m. If n and m are too small, it
will take too much computation time, and if n and m are too large, the number of
feature will not be enough for recognition. We have tested all of 54 combinations, and
found that the result of 6x6 is the best balance between accuracy and computation
time. We calculated the sum of pixels of each 6x6 areato obtain 66 super pixel values,
and then we used these 66 values as the features. Figure 30 shows that the number has

66 features.

Figure 30 6x11 features

After we extract the features, weinput these into amatrix to compare with samples
previously saved in order to choose the sample which has the highest similarity. We
save all the features as binary matrix format, that is, the each element of the matrix is

equal to O or 1. 1 represents white, and O represents black. Since number recognition is
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based on black and white images, the matrix is binary.

5.5 Number recognition

Now that we have collected the information we need to recognize, the next step is
to recognize the number. All we need isaclassifier. A classifier isablack box which we
input some information into, and then the result we want will be output. In this case we
input features, and the classifier outputs the number. Since we talk about classifiersin
Chapter 2, we do not go into detail here, but we summarize our approach in the
following paragraph.

There are several approaches to design a classifier, such as template matching,
artificial neural network, probabilistic approach, etc. We choose template matching in
this thesis because it is easy to understand, and every step of template matching is
very clear. If some step of template matching goes wrong, we can easily find out and
fix it. However, since this method leads to large amount of calculation and large
amount of storage, it may take more time than other methods as a disadvantage. After
testing hundreds of samples, we find the average recognition time is about 30 seconds,
which is acceptable for AMR.

Since we use template matching, we should calculate the distance between two
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patterns. Therefore we decide to use Euclidean distance to calculate the distance. The
formula is shown below [27]
2
— T —
D7 =(% - X)) (% - X)=|% - X||
Q
— 2
=a (Xk - X]k)
k=1
(5.2)
where X; is the pattern being recognized and X; is the sample. The basic rule of this
approach is to check which D;i? is smallest.
We have about 200 standard samples in our database and we can use the features
of those samples to compare with the features of the patterns. Simply speaking, we put
the feature value into the formula above. Figure 31 shows some of our sample

database.
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Figure 31 Some samples in the database
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5.6 Image Histogram

After we recognize the number, for the sake of the user’s convenience we collect
all the data and plot historical data for the user's review. The histogram can show data
by the hour, day or month. If we use day mode the histogram will display the data day
by day. If you collect every day, when you choose month mode it displays the data
month by month. Figure 32 shows the water usage from May 11 to May 14. In the
figure, the usage on May 11 is around 5, while it is 1 on May 14. The consumer can
easily calculate the water usage every day; if he or she uses too much water in some
period, the software may warn the consumer that he or she should save water.

Therefore we believe that the system can help the consumer save money.
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Figure 32 Data histogram

5.7 Test results

Through testing many samples we found out that sometimes the system has
difficulty in identifying some digits, such as 1 and 7, which are the most likely to be
confused. Now let us compare Figure 33 and Figure 34, where we can see it is quite

hard to tell the digit 1 from 7 in these cases even for humans without careful inspection.
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Figure 33 Digit seven

Figure 34 Digit one

We have tested 105 samples in a regular environment, which means the light

intensity is not too high nor too low. Eight samples failed to be recognized in the test.

Therefore, the correct recognition rate is 92.3%. Each digit has a different recognition

rate; Table | shows the correct recognition rate of each sample.

Table | Digit recognition test results

Digit Number of Number of Recognition
correctly identified images rate (%)
0 15 15 100%
1 11 11 100%
2 9 10 90%
3 7 8 87%
4 6 7 86%
5 10 10 100%
6 10 11 91%
7 11 14 78%
8 9 10 90%
9 14 14 100%
Correct recognition rate 92.3%

Most cases of recognition failure happen when the digit is transitioning from one
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to another. Figure 35 is one of these cases. We can see in this image that the last digit
is changing from seven to eight, and the system identifies it as 0768741. In order to
resolve this issue, we suggest designing an auto-emendation program. For example,
the computer compares the reading with the previous reading. If the previous one is
bigger, then the computer takes the previous one. If it is not, the computer takes the

new reading.
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Figure 35 Example of failed utility meter reading

5.8 Factorsthat affect results

Next we talk about some factors that may affect recognition results. Through
testing, we found out that the following factors affect AMR system: the distance
between the receiver and wireless camera, cell phone or electromagnetic signals, and

light intensity.
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5.8.1 Effect of radio distance

Table |1 shows how distance affects the radio. We should also note that while the
images in Table Il seem not as clear as that in Figure 35, this is due to the low light

intensity test environment.

Table Il The effect of transmitter/receiver distance on the wireless camera signal

Distance (m) Image Clarity
0.5m Very clear
1m Very clear
2m Very clear
5m Clear
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Table |1 (continued)

8m Clear enough

10m Cannot be recognized
12m Cannot be recognized
15m Cannot be recognized
18 m Lost connection

From Table Il we can find that the result is very good when the

transmitter/receiver distance is within 5 m, and the receiver can still receive a clear
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image from the wireless camera when the distance is between 5 m and 8 m (although
sometimes the result may be wrong), but once the distance extends to more than 8 m,
the image we acquire from the wireless camera is very fuzzy and cannot be
recognized. When the distance approaches 18 m, the receiver loses connection with

the wireless camera

5.8.2 Effect of electromagnetic interference

The second factor that affects the results is the radio interference, which may be
influenced by cell phone and electromagnetic signals. We used a cell phone close to
the wireless camera and receiver to test the interference with the radio, and we found
that the signal would affect the radio only if the distance between the cell phone and
the wireless camera was below 30 cm. Table Il shows the distance between cell

phone and receiver, and its effect on the image.
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Table |11 The effect of electromagnetic interference on the wireless camera signal

Distance (cm) Image Clarity
0cm Hard to recognize
20cm May be recognized
30cm Very clear

5.8.3 Effect of light intensity

The last but most important factor affecting the radio is light intensity. Though

we could not measure how bright conditions had to be for the system to no longer

function properly, we still want illustrate the problem through some images. Table IV

shows some images the system could not recognize because of too bright or too dark.

In the future we may add an external light so that the wireless camera can work in

61




different levels of light intensity.

Table IV The effect of light intensity on the wireless camera signal

Image Results

8808926

0768928

7768926

0110611
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CHAPTER VI

CONCLUSION

6.1 Summary

The main technology we used in the thesis is pattern recognition. Pattern
recognition, which is one field in machine learning, is used in this thesis to recognize
the number on the utility meter. Pattern recognition is "the act of taking in raw data and
taking an action based on the category of the data" [15]. It is meant to classify different
information into different groups based on prior knowledge. In this thesis, the prior
knowledge is the sample database in the program. The machine “learns’ knowledge

from the sample database so that it can distinguish the number on the meter. Therearea
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lot of basic methodologies in pattern recognition; in this thesis we used our own
technology, such as a red rectangle which helps the system to segment the number and
that increases the recognition rate. In many pattern recognition cases, we cannot use
this red rectangle technology because people may require all the stepsto be automatic.
But in this special case of AMR, it isagood approach to implement, since we just need
to set the “rectangle” the first time.

Another technology that we use in this thesis is classifier design, which functions
like ablack box. This process will tell you the result without the user needing to know
what is going on in the black box.

Another technology we used in the thesis is image binarization process. This
process was designed to convert the color picture to a black and white picture so that
the system can recognize the number. To convert the color picture to a black and white
picture we used the method called the Otsu threshold method to find the threshold in
order to finish conversion. This method is very popular in computer vision and image

processing.

6.2 Futurework

First of all, we can’t apply the design to any environment which istoo dark or light



because both these situations would affect the image binarization. In order to let the
wireless camera work in different levels of light intensity, we think there may be two
ways to solve the problem. One way is to improve the algorithm to work in different
levels of light intensity, and the other way is to add alight so every time we run the
program the wireless camera works in the same light intensity.

Second, we now can only recognize one utility meter a a time: what if a
consumer wants to check several meters at once? We are thinking of improving our
code in order to control four wireless cameras at the same time. The hardware can
manipulate four wireless cameras simultaneously, which means we don’t need to
change the hardware

Third, we need a base station which is a computer to analyze and present the
results, which means a consumer need to sit in front of the computer to check the
utility usage. For the sake of convenience, we are thinking of adding an Internet
function to our device. For example, we can use some software to send the results to
the consumer’s cell phone so that he or she can check the utility usage immediately,
no matter where they are.

Fourth, the system cannot recognize an analog style meter, such as a gas meter
(most gas meters in U.S. are analog as Figure 2 shows). We will change our

recognition method to meet this requirement; for instance, we may change from
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template matching to a neural network.

Fifth, the system till fails to recognize numbers sometimes, for instance, the
number in Figure 36. We can see in the figure that the number is transitioning from 1
to 2. Therefore how to reduce the probability of that kind of error occurring becomes a
very important job. We suggest that we can extend our sample database to help solve

this problem

2]
V.

Figure 36 Reading during a transition from 1 to 2

6.3 Cost and ben€fits

Finally we will talk about the cost of the product and how much a utility can
company may save by using it. The product includes the receiver, the wireless camera,
the fixture to hold the wireless camera, and the external light source. The receiver
costs $66; the camera costs $33; the mechanical fixturing costs $5; the light costs an
estimated $10. Generally speaking, a customer has a gas, water and electricity meter,
and when we manufacture this AMR in quantity, we can get a 50% volume discount

for each component of the product. Therefore the product will cost around ($66+3x
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($33+$5+$10)) x50%=%$105. Based on how much money it costs to employ human
meter readers and to obtain meter readings, a utility company may be able to save a
substantial amount of money by using thisAMR system.

Finally, the installation of AMR will include other benefits beyond the monetary
ones. For example, hard-to-access meters can be read without difficulty and without
worrying about fences and animals. Reader errorswill be reduced, which will increase
customer satisfaction. Customers will be able to monitor their utility usage in
real-time and remotely, which will give them a feeling of more control over their

utility usage. Leaks will be able to be detected more easily.
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