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TECHNICAL NOTE

Bank note recognition for the vision impaired
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Abstract

Blind Australians find great difficulty in recognising bank notes. Each note has the same feel, with no Braille markings,
irregular edges or other tangible features. In Australia, there is only one device available that can assist blind people
recognise their notes. Internationally, there are devices available; however they are expensive, complex and have not been
developed to cater for Australian currency. This paper discusses a new device, the MoneyTalker that takes advantage of
the largely different colours and patterns on each Australian bank note and recognises the notes electronically, using the
reflection and transmission properties of light. Different coloured lights are transmitted through the inserted note and the
corresponding sensors detect distinct ranges of values depending on the colour of the note. Various classification
algorithms were studied and the final algorithm was chosen based on accuracy and speed of recognition. The
MoneyTalker has shown an accuracy of more than 99%. A blind subject has tested the device and believes that it is
usable, compact and affordable. Based on the devices that are available currently in Australia, the MoneyTalker is an

effective alternative in terms of accuracy and usability.
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Introduction

The recognition of bank notes presents a huge difficulty for
someone who is blind or vision impaired. In the case of
Australian bank notes, each note has the same feel, with no
Braille markings, irregular edges, distinguishable raised
print or other tangible features. The width of each note is
the same and there is only a 7 mm difference in length
between consecutive note values®.

Studies conducted over the last 10 years have found
that almost 500,000 Australians are now vision impaired,
including 50,000 who are legally blind. This number is
expected to double in the next 20 years®.

In Australia, there is presently only one device
available that can assist blind people to recognise their
notes, the CashTest'. This device determines the value by a
mechanical means relying on the different lengths of each
note. The downfall of the CashTest is that it does not allow
for the shrinking of notes with time nor the creases or rips
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that are common in our notes. A user of the device has
reported that the CashTest is inaccurate and difficult to use,
although cheap and extremely portable®.

Internationally, there are electronic devices available,
including the BlindNoteReader and NoteTeller 2 (Brytech
Inc., Canada). These are electronic devices developed in
Canada that work by raster scanning the face of the bank
note with a charge-coupled device (CCD) to obtain an
image of the note*. The image is compared with stored
images in the device memory and if the comparison
correlates to a predetermined degree, the value is output.
Bank notes can be inserted and read in any orientation.
Although these devices are accurate, reliable and easy to
operate, they are expensive, complex and have not been
developed to cater for Australian currency at this stage.

The MoneyTalker is a new device that recognises notes
and annunciates their value using electronic speech, either
through a speaker or through headphones. The aim of this
study is to determine the best classification methods for
note recognition, and the best hardware configuration to
obtain the highest accuracy and efficiency possible. It relies
on the largely different colours used on each Australian
note, and can recognise all four orientations of an inserted
note. This means that it can take a ripped or torn note,
provided that the end of the note that is inserted does not
contain the rip or tear. It can also recognise faded notes, due
to the variety of note conditions that it was trained on. It has
been designed to be easy to use, accurate and cheap to
manufacture. Another important feature of its design is that
it is easily adaptable to recognise new notes, utilising
machine learning techniques.
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Figure 1. The transmission of red, green and blue light through a
red note. In the final implementation a total of eight LEDs and
eight light-dependent resistors were used.

Technical description

The main principle behind the MoneyTalker's
recognition technique is the transmission/reflection
property of light. Coloured lights are transmitted through
the note and as each note is a different colour, the amount
of light that is transmitted through the note is different and
dependent on the colour of the note. Sensors positioned
beneath the coloured lights return values that are dependent
on a note's colouring and light transmission characteristics
(Figure 1).

Once the sensor readings have been performed, they
are compared to values that are stored in the memory for
pre-classified examples. If the values in memory correlate
to the values read, the appropriate note value is announced
using a simple pulse-code digital-to-audio system. The note
value is determined using the best possible classification
algorithm for the data set.

The system is implemented using a small 8-bit
microcontroller that features digital 1/0, an 8-channel
analogue-to-digital converter (ADC) and a pulse-width
modulation (PWM) unit. The Atmel AVR ATMega32
(Atmel Corporation, San Jose, USA) is an 8-bit
microcontroller than can run at up to 16 MHz, although in
the prototype, its speed was limited to 11 MHz to reduce
power consumption. The digital 1/O drives high intensity
LEDs, the ADC reads the relevant light levels (as
transmitted through the note) from a number of light-
dependent resistors. The PWM unit is used to create the
pulse-code audio output through a filter and amplifier
system. Additional to the microcontroller was an Atmel
AT45DB041B DataFlash (Atmel Corporation, San Jose,
USA) memory component that provided the storage for
each spoken sound. This DataFlash memory also stored the
data used for note comparison. By utilising the features
available in  modern microcontrollers, the principal
electronics are implemented in two small integrated
circuits, maintaining small size, low cost and low power
consumption. A schematic of the overall circuit is given in
Figure 2.

vCcC
U3 ATMEGA32

Flash RAM 77 [ 38 E}Fg
) b < P
- AT45DB041 = AREF 2
vee us . [c10 ——=—] ac !
3 St SO gl 100n 0 - 7
SPT 0 2 SCK  GND [— B b
o 03 ———d Bat vee 34 | g e Al
merh 10k < T |—c cs wp 2 o PA2
[ x]
PS5 1
L LINKB ; PB3 (MOSD)
‘ DGRD ; PB6 (MISO)
Comins PB7(SCK)
C16 || ER N N
- . R3 1005 R10 330R i D3
1] DGND 10n XD 2 | oo o) R16 335011; 07 L
S . R WAEEL |« ‘ DZ
E T 55 () R17 D s P
b 2l 330
Wi DGND 1 s z IR D5 5%
4 PDS (OCLA) 330R sﬂq
cmm| IS {i] SR DG
f PD7 (0C2) DGND
T XTAL2
P2 e i XTALL
(1%4
FBL {
%7 c28 c26 DGTD
1 PB2 e 180’ 18n L
O
TP3 5 .
[ N R5 R4 Low Pass Filter DGND
100k 100k
¢ o cs
2 I'nv  vaa |2 s
c RO R11
——C2 S 5 1k R1 C510 RES1 _
150p L— 4 SHDN Os 1 CW u2 p J2
il GND COM ﬂ R7 l o conz
XTI . e ™ wvaa |8
——C8 C1——C25 C7 10k 0 3k3 = N+ OUT+ = 1
33p 10om | 100 3 G . o, T : | 3 | Speaker
ek DGRD c3 GNDSHDN -
T 100a TMAXAIESEUA
4 DGND
u4
5 % c11 +C12
el Tim 10uF
o q
POWER ZHes2000 DGND
J4 7 U6 vee
3 PWIN J 8 ™ oUT ¥ T
C;l\' S - = x—li.-uc\ga —T—cm —chs —chz —LCZT C6
2 - 3 10v
BT & 100n 100 100n 100m 100n
MICSI00
) 1
DGND

Figure 2. Schematic of the prototype circuit used for controlling the LEDs, sampling the light output and generating the audio
output. The system is based around an Atmel AVR ATMega32 microcontroller and an Atmel AT45DB041B DataFlash memory

integrated circuit.
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The electronics for the prototype were housed in a
small, light-tight box to reduce the effects of external light
illumination on the recognition process (Figure 3).

" :

Figure 3. The prototype Money Talker in use. The system is
showed connected via a serial line to a PC for the purposes
of testing.

Methods

Classification methods

In an initial prototype with only three sensors and three
coloured lights, the classification of notes was performed
by storing the ranges of values for each sensor, for each
note, for each direction. It was found that three sensors
were insufficient to reliably differentiate notes in different
orientations. The unit (as described herein) uses eight
sensors and LEDs.

Given the considerable number of combinations, a
simple range comparison or each sensor value for each note
in each orientation was considered inappropriate. Hence,
classification algorithms were considered. Using these
approaches, the actual colour of the LEDs used and their
location were found not to be critical. In the prototype,
three red, three green, one blue and one white LED were
used.

There were many methods considered in the
classification of an inserted note. There is a variety of data
mining algorithms that exist including rule-based
algorithms, classification trees, neural networks, instance-
based algorithms and function-based algorithms. As there
were such a large number of different techniques, methods
were tested using Weka, a program written in Java for
solving data mining problems®. Weka offered an easy
environment for evaluation and testing of a large range of
machine learning algorithms without having to hand code
each individual methodology.

There are 6 different note categories ($5, $5 federation,
$10, $20, $50, $100) in Australia. An analysis sample set
consisted of 20 samples of each note category (excluding
the $100 which only had 10 samples). The notes selected
were in various conditions of newness. The dataset was
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formed by inserting the notes into the device 3 times in
each orientation, giving a dataset of 1320 samples. The
samples were inserted 3 times as small changes in insertion
position can produce slightly different results. Samples
were also taken at low, medium and high ambient light
levels. The dataset was acquired from the device via an
RS232 connection, allowing the device to communicate
with a computer (Figure 3). A simple program was written
in Java and run on the desktop computer, opening the serial
port and then allowing the readings to be automatically
written to a file in an appropriate format for Weka to use.

Weka ran each classification algorithms five times, and
the average number of correctly and incorrectly classified
samples was recorded. The tests were run with the dataset
randomly split, using 66% of the dataset as a training set
and 33% of the dataset as a test set.

Testing methods

The dataset created by Weka was transformed into a
training set for the device. The training set was stored in the
DataFlash memory component because 1320 samples could
not be stored in the small flash memory of the Atmel
microcontroller.

Another set of currency with 40 representatives from
each note category was used to test the system. Each note
sample was inserted into the device in all four orientations
and the result was recorded in terms of accuracy and
timing.

Results

Classification results

This stage was designed to select the best algorithm to
finally implement in the device. Essentially a sample of
notes was presented to Weka, and the accuracy of the
various algorithms was recorded.

All of the algorithms that achieved over 90% accuracy
are shown in Table 1.

The most accurate algorithms for this dataset are 1B1,
Multi-Layer Perceptron, K*, DECORATE, Random
Committee, LMT and 1BK.

Table 1. Accuracy of various classification algorithms using the
Weka system for the training and testing dataset of 1320 notes.

Algorithm Algorithm Correct Standard
type (%) deviation (%)

IBk 99.68 0.11

LAZY K* 99.92 0.34

IB1 99.92 0.11

TREE LMT 99.47 0.23

FUNCTION  Multi-layer 99.8 0.2
perceptron

DECORATE  99.72 0.23

META Random 99.68 0.27
committee
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Table 2. Results of Money Talker using an embedded IB1
algorithm based on a separate dataset of 960 notes.

Note type Number correct Number incorrect

$5 federation 160 0
$5 160 0

$10 160 0

$20 160 0

$50 157 3
$100 157 3
Total 954 6

Table 3. The breakdown of notes in issue in Australia at the end
of June 2004,

Number
Notes on issue
Millions %

$5 107 13.8

$10 79 10.2

$20 127 16.4

$50 319 41.2
$100 142 18.4
Total notes 774 100.0

IB1 is an instance-based classifier that finds the single
training instance closest to the given test instance using the
Euclidean distance metric for the N-dimensional space of
the data>®. If multiple instances have the same (smallest)
distance to the test instance, the first one found is used. The
time taken to classify an instance increases linearly with the
number of training instances. Consequently it is necessary
to restrict the number of training instances that are kept in
the classifier.

IBK is an instance-based classification algorithm that is
an implementation of the k nearest neighbours classifier>®
This algorithm is similar to 1B1 however, instead of only
finding the single closest test instance, it finds the k closest
test instances and the prediction becomes the most common
class in the neighbours list. Again, the time taken to classify
a test instance with a nearest neighbour classifier increases
linearly with the number of training instances.

K* is an instance-based learner that uses an distance
measure based on entropy’. This algorithm defines the
distance between instances as the complexity of
transforming one instance to another. The mathematics
required to perform this algorithm are complicated and
presents a large difficulty for a low-cost microcontroller to

perform.
A Multi-Layer Perceptron is a neural network
algorithm that uses back propagation to classify

instances®®. The network can be monitored and modified
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during training time. This algorithm requires a large amount
of free memory to build the classifier and is not considered
feasible for the MoneyTalker hardware.

Logistic Model Trees (LMTSs) are classification trees
with logistical regression functions at the leaves®. Building
this type of classifier takes a large amount of time,
approximately 16 minutes on a computer with a 1.2GHz
CPU. Given that the microcontroller used is approximately
100 times slower, this algorithm is also not feasible in the
current device environment.

DECORATE (Diverse Ensemble Creation by
Oppositional Relabeling of Artificial Training Examples) is
an ensemble meta-learner that directly constructs diverse
committees by employing specially-constructed artificial
training examples™. As this algorithm is a meta-learner,
building the classifier is more difficult as it relies on at least
two different algorithms, requiring more free memory than
a single classifier, and taking more time to classify an
instance.

The decision was made to implement IB1 in the device,
since it offered the best balance of size, computation speed
and accuracy.

Testing results

The IB1 algorithm was embedded on the
microcontroller. An additional set of notes was used to test
the system in its final configuration. In this test phase, 40
notes of each denomination were inserted in all four
orientations, leading to 160 tests for each denomination.
Table 2 documents the system performance in terms of note
denomination.

When considering the data set as a whole, the total
accuracy of this device is 99.4%. The results were then
further analysed in terms of the numbers of note types in
circulation. Table 3 illustrates the number of notes in issue
in Australia as of June 2004. As there is a variation in the
number of notes produced for each denomination, the
likelihood is that similar proportions will be used with this
device. Using this data, the accuracy, weighted by the
percentage breakdown of total notes in issue is 98.9%.

The time taken for each note to be recognised was
approximately 3.01s. This time was the time taken from
note insertion to the value announced. This time could be
further reduced using a faster crystal or a smaller training
set, although reducing the training set would decrease the
accuracy.

Discussion

This paper discusses the value and accuracy of the
MoneyTalker device, a new device that assists the blind to
recognise Australian currency notes. The only similar
device available for Australians is a device that is
mechanical in nature and becomes unreliable when notes
are old and have started to shrink. This is not a problem for
the MoneyTalker as it is not based on the size of the notes.

A device of this type must be accurate, easy to use,
inexpensive, quick and portable. Sample testing was
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performed to determine the feasibility of this device in
terms of its accuracy and speed. The non-measurable
requirements were tested by a person who was blind.

The results showed that the device had an accuracy of
99.4%, with the accuracy falling slightly on the $50 and
$100 notes. One reason for the drop in accuracy for the
$100 notes is the smaller training set used. When the
accuracy is weighted according to the number of notes on
issue, the figure drops to 98.9%.

A shortcoming of the testing that was performed on this
device was the limited ability to obtain training and test
data. This is due to the large amount of money required to
perform these tests adequately. The minimum amount of
samples required to obtain feasible statistical results is
approximately 40. The maximum available amount of notes
available for development of this device was 60
representatives of each of the six note categories (except for
the $100 note which only had 50). These were split into 20
notes for training and 40 notes for testing.

The cost of construction of the device would be
approximately $84 (this assumes around 50 are made at the
same time). The cost would decrease to around $40 if 1000
are made. This compares favourably to the electronic
devices overseas, being sold for approximately $325 each.
This device could be sold for one third of the price,
delivering a huge saving to blind Australians.

Since this project started, a number of new
microcontrollers that would suit this application have
become commercially available. High on the list are the
new ARM-based single chip microcontrollers (Philip’s
LPC2xxx family and Texas Instrument’s TMS470),
Atmel’s AT91SAM7 and Analog Devices’ AduC7000
series. While there are variations in functionality, speed and
peripherals available they all offer similar specifications.
The combination of 32-bit arithmetic and 60 MHz
operation would lead to very fast computation.

These new microcontrollers also offer much larger
memory — in the case of the Philips family, 512 kB of flash
memory and 64 kB of RAM, eliminating the need for an
extra memory chip. Using one of these microcontrollers
would eliminate the need for almost all other chips in the
device as many have inbuilt timer and PWM functions —
leading to a final main circuit board of just a CPU chip and
a voltage regulator. A disadvantage would be a somewhat
higher power consumption but this would be countered by a
much faster processing speed and the loss of the extra
memory chip as needed for the current solution. A second
disadvantage could be the slightly higher cost ($10
compared to $5).

In the current prototype, battery life has not been
optimised. An approximate analysis of power consumption
would indicate that with the Atmel microcontroller
consuming 30 mA during computation and 50 pA when
idling and with the LEDs being driven at 5 mA, then a 2500
mAh battery pack would allow 40,000 notes to be read.
A known issue with the current design is that when the
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batteries are near the end of their useful life, the accuracy
decreases because the light sources become dimmer. This
could be easily rectified in subsequent designs with
additional battery monitoring technology to audibly report
battery status. More extensive field trialling of the
MoneyTalker is the subject of on-going study. This will be
necessary to systematically evaluate such issues as how
fading colours in older notes impacts accuracy.

The MoneyTalker has not been thoroughly tested or
field trialled. However, a number of vision impaired people
were consulted in the design phases as well as stakeholder
groups. With the current prototype one blind person has
tested and examined the device and has given his approval.
He feels that it is easy to use, is small and compact and
would be a great device to own®. He believes that the main
factors that would limit a person buying a device like this
would be the price and the accuracy.

The MoneyTalker has proven to have high accuracy
(>98%), is inexpensive and is easy for a blind person to use.
The speed of recognition is adequate, although the speed
could be improved with the use of superior hardware or
faster clock speeds at the expense of cost and battery life
respectively.
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