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In 2013, approximately 1.7 billion beverage containers were returned for recycling
in Finland. Majority of the beverage containers were returned to grocery stores.
To process the large volume of returned containers, the stores have automated
the recycling by using reverse vending machines for automatically determining the
refund for each container and sorting them based on their material. In this thesis, a
machine vision system based on multiple cameras has been developed for a reverse
vending machine prototype. The multi-camera system enables high return speed
and simplifies the mechanical structure of the reverse vending machine. With
the camera-based system, various visual features, such as deposit and security
markings, can be extracted from the captured images for verification if required
unlike with traditional laser-based barcode scanners. Furthermore, with no moving
parts, the system is virtually maintenance free.
The developed system identifies the returned beverage containers based on
their barcode. The outer surface of a beverage container is imaged with six
Raspberry Pi -based cameras simultaneously as it slides past the cameras and the
barcode is extracted from the images. The properties of the container are obtained
by fetching the barcode specific information from a local barcode database. The
system is able to decode EAN–13, EAN–8, and UPC–A barcode standards at high
speed and is tolerant to blurring and noise in the images.
The software developed in this thesis has been designed to take into account
and utilize the limitations imposed on the beverage containers and the barcodes
and achieves excellent performance on a low-cost PC used for processing the
camera feeds. The developed system achieves 95.2% recognition accuracy and
a competitive return speed of 40.8 beverage containers a minute with off-the-shelf
cameras and LED lights costing less than 1300e in total.
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Vuonna 2013 Suomessa palautettiin kierrätykseen noin 1.7 miljardia
juomapakkausta.
Valtaosa palautuksista tehtiin ruokakaupoissa.
Suurten
palautusmäärien
johdosta
kaupat
ovat
automatisoineet
palautusten
käsittelyn pullonpalautusautomaateilla, jotka määrittävät ja palauttavat
palautuspakkausten pantit ja lajittelevat ne materiaalin mukaan.
Tässä työssä on kehitetty kameroihin perustuva konenäköjärjestelmä
palautuspakkausten
tunnistamiseen
pullonpalautusautomaatissa.
Monikamerajärjestelmä
mahdollistaa
korkean
palautusnopeuden
ja
yksinkertaistaa pullonpalautusautomaatin mekaniikkaa. Kameroihin perustuvalla
järjestelmälla voidaan tarvittaessa tarkistaa useita visuaalisia merkintöjä
kuvista, kuten pantti- ja tunnistemerkintöjä toisin kuin perinteisillä
laserviivakoodiskannereilla. Järjestelmässä ei lisäksi ole liikkuvia osia, joten
se on lähes täysin huoltovapaa.
Kehitetty järjestelmä tunnistaa palautetut juomapakkaukset niiden
viivakoodin perusteella.
Juomapakkauksen ulkopintaa kuvataan kuudella
Raspberry Pi -pohjaisella kameralla yhtäaikaisesti sen liukuessa kameraroiden ohi
ja viivakoodi luetaan kameroiden kuvista. Viivakoodin numerosarjan perusteella
juomapakkauksen tiedot noudetaan paikallisesta viivakooditietokannasta.
Järjestelmä kykenee dekoodaamaan EAN–13,
EAN–8 ja UPC–A
viivakoodistandardeja suurella nopeudella jopa sumeista ja kohinaisista kuvista.
Laitetta varten tässä työssä kehitetty ohjelmisto on suunniteltu huomioimaan
ja hyödyntämään juomapakkauksille ja viivakoodeille asettettuja rajoituksia.
Sen suorituskyky on erinomainen tavallisella PC:llä, jolla kameroiden kuvavirta
prosessoidaan. Kehitetyllä järjestelmällä saavutetaan 95.2% tunnistustarkkuus
ja kilpailukykyinen 40.8 juomapakkauksen palautusnopeus minuutissa käyttäen
yleisesti saatavilla olevia komponentteja, joiden kokonaiskustannus oli alle 1300e.
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Symbols and abbreviations
Symbols
αfov

field of view of a camera

β

beverage container visible angle below the field of view centre line

φ

beverage container visible angle above the field of view centre line

ψc

camera position angle

ωvis

beverage container visible angle

c

blur disk diameter

DOF

depth of field

DOFfar

depth of field far limit

DOFnear

depth of field near limit

f

focal length

fFPS

frame rate of a camera

FOVh

horizontal field of view in degrees

FOVv

vertical field of view in degrees

l

distance between a camera and a barcode

N

lens f-number

Nbarcode

the number of frames with a full barcode

oi

starting point of the ith digit segment

oL

the left barcode endpoint obtained by the localization step

ō

least squares estimate for a digit segment starting point

peff

effective pixel size

P

the point with the most surrounding white pixels in unmodified image

P

max

the point with the most surrounding white pixels in downscaled image

PPM250

module width in pixels for the barcode at 250 mm distance from the camera

r

beverage container radius

rmin

radius of the smallest accepted beverage container

s

distance from a camera to the centre of a 50 mm beverage container

s′

distance from a camera to the centre of a beverage container

vcontainer

speed of a beverage container passing through the camera field of view

w̄

least squares estimate for a digit segment width

wbarcode

width of a barcode

wCMOS

width of the camera sensor

wFOV

the width of the field of view in millimetres

viii
wmodule

width of a barcode module

min
wmodule

width of the thinnest barcode module (0.26 mm)

Abbreviations
BR

Barcode Recognition

BCR

Beverage Container Rotation

CMOS

Complementary Metal Oxide Semiconductor

CPU

Central Processing Unit

DPG

Deutsche Pfandsystem GmbH

EAN

European Article Number

FPS

Frames Per Second

GPU

Graphics Processing Unit

GS1

Global Standards One

JPEG

Joint Photographic Experts Group

LED

Light-Emitting Diode

PALPA

Suomen Palautuspakkaus Oy

PC

Personal Computer

PET

Polyethylene Terephthalate

PPM

Pixel Per Module

PSU

Power Supply Unit

RAM

Random Access Memory

RGB

Red-Green-Blue

RGBD

Red-Green-Blue-Depth

SD

Shape Detection

SNR

Signal to Noise Ratio

SSD

Solid-state Drive

UDP

User Datagram Protocol

UPC

Universal Product Code

USB

Universal Serial Bus

VAT

Value Added Tax

VGA

Video Graphics Array
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Introduction

In 2013, approximately 1.4 trillion beverage containers were sold worldwide. Almost
82.9% of all the containers were made of either glass, polyethylene terephthalate
(PET) or aluminium [1]. Despite the high reusability of all the three materials, a
majority of all the beverage containers sold worldwide end up in landfills. To boost
the recycling rates, container deposit-refund laws have been enacted in 23 countries
over the past decades [2]. These laws, which incentivize recycling by refunding the
container deposit upon returning for recycling, have been particularly successful in
Finland and Norway, with the return rates of all the three container types reaching
over 91% in Finland [3] and 96% in Norway [4].
In Finland, the return rate reached 1.7 billion returned beverage containers in
2013 [3]. The Finnish law obliges a store to refund the deposits on returned beverage
containers if the store sells any beverages with a deposit. To process the large volume
of returned containers, stores have automated the recycling by using reverse vending
machines, which automatically determine the amount of refund and typically sort
the containers based on their material. The reverse vending machines have so far
determined these factors by rotating the beverage container and reading the barcode
with a laser-based barcode scanner [5] and detecting the shape of the container with
a camera [6, 7]. Fully camera-based systems have not existed in the market until
recently with the introduction of model T–9 by Tomra Ltd. [8, 9].
In this thesis, a machine vision system based on multiple cameras has been
developed for a reverse vending machine prototype.

The multi-camera system

enables high return speed and simplifies the mechanical structure of the reverse
vending machine. With the camera-based system, various additional visual features,
such as deposit and security markings, can be extracted from the captured images
for verification unlike with traditional laser-based barcode scanners. Furthermore,
with no moving parts, the system is virtually maintenance free.
The machine vision system developed in this thesis has been a part of a larger
Tekes funded New Knowledge and Business from Research Ideas [10] project. The
project focused on developing a fast, low cost, easily maintainable and reliable
reverse vending machine. The developed system consists of six Raspberry Pi -based
cameras placed on a perimeter around the beverage container return chute for
imaging the outer surface of a beverage container as it slides past the cameras and
the barcode is extracted from the images. Ordinary PC hardware is used for the
image processing together with the software developed as a part of this study.

With the developed multi-camera system, the beverage container barcode can
be extracted from the camera images without rotating the container.

Such

solution simplifies the mechanics of the reverse vending machine by removing the
rotating mechanism, thus increasing the reliability and maintainability. With the
camera-based system, the beverage containers can also be fed into the reverse
vending machine either top or bottom first, and since the barcode can be extracted
without rotating the container, the returning process is less time consuming for the
user than with conventional reverse vending machines. In the developed system, the
beverage container identification relies on checking whether the extracted barcode
exists in a database of refundable barcodes. In addition, the database contains the
requisite information about the beverage containers, such as the refund, the material
of the container, the maximum allowed weight and the dimensions of the container.
In the future versions, an additional seventh camera will be used for capturing an
image of the whole container to verify its shape and dimensions to minimize the
possibility of tricking the reverse vending machine, e.g., with invalid objects that
have a valid barcode attached onto them.
The content of this thesis is arranged as follows. Chapter 2 presents commonly
used barcode reading solutions in reverse vending machines, the requirements for the
refundable containers and the structure of the valid barcode types. Chapter 3 details
the hardware of the developed system. Chapter 4 analyzes the optimal placement
of the cameras. Chapter 5 discusses the algorithms for the barcode localization and
decoding used in this study. Chapter 6 evaluates the accuracy and the speed of
the developed barcode recognition and the overall performance of the system. The
thesis is concluded in Chapter 7.
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2

Background

In this thesis, a machine vision system for a prototype reverse vending machine has
been developed as a part of a larger New Knowledge and Business from Research
Ideas [10] project funded by Tekes and Aalto University. The project focused on
finding ways to improve the beverage container recycling services of grocery stores
and developing a more reliable and cost-effective reverse vending machine than the
models currently available on the market.
The business aspects of the Finnish reverse vending machine field were studied
as a part of this research project by Leijo [11]. Interviews performed by Leijo
show dissatisfaction with the reverse vending machines among storekeepers. It was
found out that in general, the reverse vending machines cannot handle the promised
number of returns, which may reach one million containers a year. The reverse
vending machines were also considered very expensive, with the price of a single
reverse vending machine reaching as high as 70000e [11].
The reliability was emphasized by the interviewees as the single most important
feature of a reverse vending machine. Beverage residues cause most of the problems
by seeping between moving parts and jamming them. Thus, the reverse vending
machine structure should allow for cleaning and maintaining it independently by the
store staff. Currently, even minor maintenance tasks require maintenance personnel
being called. The interviewees also emphasize the need for an efficient sorting
process of the returned containers [11]. As the interviews point out, the reverse
vending machine should be designed to be reliable, easy to maintain and inexpensive.
The machine vision system built in this work has been designed to support the
simplification of the mechanical structure of the reverse vending machine; the
recognition unit requires no moving parts. The system has also been designed to be
affordable by using low-cost machine vision cameras and PC hardware. The user
experience has been taken into account by placing emphasis on the usability and
speed of the reverse vending machine.
The machine vision system developed in this thesis has been designed to be
compliant only with the Finnish deposit-refund regulations as specified by Suomen
Palautuspakkaus Oy (PALPA) [12]. However, as a part of the tests, some imported
beverage containers, which are not registered with the Finnish deposit-refund system
and do not necessarily adhere to the Finnish container marking regulations, have
been used to measure the performance of the system.
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2.1

Common reverse vending machines

The global reverse vending market is highly concentrated. Most of the market is
shared by Norwegian Tomra, German Wincor-Nixdorf and American Envipco [13].
Tomra is the clear market leader with a market share of 65% [14]. The companies
do not provide details about the beverage container recognition methods utilized in
their reverse vending machines. However, cursory information about the methods
can be found in the data sheets of the machines, listed in Table 1.
Table 1: Features of commonly used reverse vending machines. Table key: X = integrated
into the reverse vending machine, O = optional, BR = barcode recognition,
BCR = beverage container rotation, SD = shape detection.

Make
Tomra
Tomra
Tomra
Tomra
Wincor–Nixdorf
Wincor–Nixdorf
Wincor–Nixdorf
Envipco

Model
T–9 [9]
T–820 [15]
T–705 [16]
T–63 [17]
Revendo 9020 [18]
Revendo 8000 [19]
Revendo 7300 [20]
Ultra48 [21]

BR
X
O
O
O
O
O
O
X

BCR SD Max. returns / minute
–
X
60
X
X
60
X
X
40
X
X
42
X
X
35
X
X
35
X
X
37
X
–
42

In addition to the features listed in Table 1, all the reverse vending machines by
Tomra [9,15–17] and Wincor-Nixdorf [18–20] weigh the beverage containers to verify
the containers are empty. Interestingly, all the reverse vending machines excluding
T–9 [9] and Ultra48 [21] are primarily shape detection based systems. Barcode
scanner based barcode recognition is optional for the majority of the systems.
Furthermore, all the reverse vending machines, excluding T–9, rotate the beverage
container if the barcode scanning is used in the system. The barcode scanning is
required in markets, such as Finland, where some imported containers do not carry
a deposit but match the shape of some of the beverage containers registered to the
Finnish deposit-refund system.
The system developed in this thesis recognizes the beverage containers by reading
the barcode printed onto the container label with cameras. The surface of the
container is imaged simultaneously from all sides, thus eliminating the need for
rotating the container. As a result, the return process is faster and the mechanics
of the reverse vending machine can be simplified. Camera based systems can also
read visual security markings, such as the “DPG Marking” (Deutsche Pfandsystem
GmbH) used in Germany [22] and it can handle non-cylindrical beverage containers,
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which cannot be reliably processed with rotation-based systems. The developed
system has an operating principle similar to the T–9, but the shape detection has
been left out of the scope of this work.

2.2

Beverage container recognition

A reverse vending machine has to be able to recognize the beverage container
material and correctly refund the deposit. The operation of a reverse vending
machine is straightforward; a container fed into the machine is either identified
correctly, identified incorrectly or not identified. Following a successful identification,
the deposit has to be refunded and the container is typically automatically sorted
based on the material and crushed to reduce its volume. Incorrectly identifying
the beverage container as another container is likely to cause a wrong refund and
may lead to an unwanted mixing of container materials if the containers are crushed
afterwards. Mixing the materials may also jam the crushers, which are typically
designed for a certain type of material. If the container is unidentified, it should be
returned to the user. The identification may fail if the barcode is badly damaged or
missing or the container shape cannot be recognized due to damage or temporary
deformation. The returned object may also be something else than a refundable
beverage container and such items should not be accepted.
To ensure the correctness of both the material and the refund, the recognition
should be based on multiple features, such as the barcode and the beverage container
shape and weight. While the barcodes are unique to a product, the height, width
and volume should be measured as well to minimize the possibility of tricking the
machine with objects that have a valid barcode attached onto them. However, the
possibility of tricking the machine cannot be completely eliminated as a barcode of
a refundable container can be attached onto a non-refundable container with the
correct shape and weight. The container should also be weighed to check for any
liquid or heavy foreign objects remaining inside. The container deposit should be
refunded only if the dimensions match the values in a barcode database and the
beverage container weight is below the maximum value; otherwise the container
should be returned to the user.
The scope of this thesis has been limited to designing and implementing the
barcode recognition with low-cost cameras. While the shape detection and weighing
the containers have not been implemented, they should both be implemented at
some point of the development to ensure the reliability of the recognition results.
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2.3

Refundable beverage containers

The reverse vending machine recognition unit developed in this thesis is designed
to accept beverage containers registered to the Finnish deposit-refund system
maintained by PALPA [12]. A container can be registered into the system only
if it adheres to a set of dimension, material and marking guidelines. The guidelines
specify, for example, the maximum and minimum dimensions, acceptable barcode
standards and how the barcode should be placed. The guidelines also indirectly
define what kind of beverage containers the reverse vending machine should be
able to recognize, since all the beverage containers registered to the national
deposit-refund system can be expected to adhere to the guidelines.
The guidelines vary slightly between different container materials [23–25]. For
glass and PET containers, the accepted height is from 130 mm to 380 mm and the
diameter may range from 50 mm to 120 mm. In addition, the container shape has to
be cylindrical. For glass containers, the barcode has to be placed 10 mm to 230 mm
from the container bottom either in vertical orientation, called“ladder”orientation or
in horizontal orientation, called “picket fence” orientation as illustrated in Figure 1.

130...380 mm

4 201337 300351

6 047535 213875

7 155177 155176

89...205 mm

10...230 mm
50...120 mm

(a)

(b)

53...84 mm

(c)

Figure 1: An illustration of valid barcode locations and container dimensions. In (a), the
barcode is in “picket fence” orientation. The “ladder” orientation is shown in (b). The valid
dimensions for aluminium cans are shown in (c). In aluminium cans and PET bottles, the
barcode may only be placed in ladder orientation.
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The accepted barcode standards for glass containers are EAN–13 (European
Article Number), EAN–8, UPC–A (Universal Product Code), and UPC–E and the
barcode magnification factor has to be at least 0.8 [23]. However, the code height
may be up to 20% lower than the one defined by the barcode standards. For PET
containers, the barcode guidelines are otherwise the same, but the barcode must
always be in ladder orientation [24].
For aluminium cans, the minimum and maximum dimensions have not been
explicitly specified by PALPA. However, only a limited number of container sizes
are used in the industry [26]. The heights of these range from 89 mm to 205 mm
and the diameters from 53 mm to 84 mm. Like in PET containers, the barcode may
only be in ladder orientation and it has to be printed in 1.0 magnification. The
barcode has to be placed at least 10 mm from the bottom of the container as shown
in Figure 1. The accepted barcode standards are the same as for the glass and PET
containers [25].
The guidelines specify deposit and material symbols shown in Figure 2. In theory,
the deposit and the material of a container could be recognized based on these
symbols, thus removing the need for an external barcode database containing the
information. In practice however, large product groups, such as imported beverages
do not always have these symbols printed onto their labels, yet such containers are
sometimes registered as refundable. Thus, the barcode and shape recognition are
the only reliable means to recognizing beverage containers of all types.

(a)

(b)

(c)

(d)

Figure 2: The deposit and material markings [24]. Deposit markings for two different
deposit values are shown in (a) and (b). The symbol in (c) is the material marking for
aluminium. The material marking for PET is shown in (d).

In summary, the developed reverse vending machine should be able to accept
containers with diameters from 50 mm to 120 mm and heights from 89 mm to
380 mm. The barcodes can be expected to be printed in at least 0.8 magnification
as specified by GS1 (Global Standards One) [27] and the barcode format will be
either EAN–13, EAN–8, UPC–A or UPC–E. However, EAN–8, UPC–A and UPC–E
barcodes are used far less often than the EAN–13. In practice, the UPC–E is not
used in refundable beverage containers sold in Finland and therefore, the decoding
algorithm for it has not been included in the developed system software.
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2.4

Structure of the recognized barcode standards

The structure and dimensions of all the accepted barcode types are standardized [27].
Understanding the barcode specific limitations is important to understanding the
barcode localization and decoding algorithms.
The EAN–13 is a barcode standard defined by the standards organization GS1 [27].
An EAN–13 barcode, illustrated in Figure 3, consists of 13 digits. However, the
black and white bars in the barcode encode only digits 2–13. The first digit is a
special digit printed left of the actual barcode, below the left quiet zone. It has
no bars in the barcode as it is encoded by digits 2–7, which are placed on the left
side of the barcode between special guard patterns. Digits 8–13 are placed similarly
between the guard patterns on the right side of the barcode.
31.35

* L G L L GG * R R R R R R*
quiet zone

quiet zone

100%

4 201337 300351

(a)

80%
22.85
Height reduced
by 20%

14.62

18.28

25.08

(b)

Figure 3: An EAN–13 barcode. The different parts of the barcode are highlighted in
(a). The guard patterns are marked with a purple colour and an asterisk and the blue,
green and red stripes mark the digit bounds. The L, G and R denote the different digit
encodings. The dimensions of the barcode without quiet zones in magnification 1.0 and
0.8 are illustrated in (b). The dimensions are in millimeters.

The EAN–13 standard extends the UPC–A barcode standard while being fully
compatible with it. Any EAN–13 code with 0 as the first digit is a valid UPC–A
code [27, pp. 237]. In UPC–A, each of the six digits on the left side of the barcode is
encoded in L format and each of the six numbers on the right side is encoded similarly
in R format. In EAN–13, an additional G encoding is used for encoding the digits
on the left side of the barcode. Whereas the UPC–A barcode would always be in
format || LLLLLL || RRRRRR ||, the EAN–13 format also allows combinations, such
as || LGGGLL || RRRRRR ||, thus enabling the first special digit and increasing
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the total number of digits by one. The first digit can be deduced from the L and G
encoding pattern on the left side as each of the ten patterns is assigned its unique
corresponding number between 0 to 9. For example, LGGGLL would correspond
to digit 6 and the UPC–A encoding pattern LLLLLL corresponds to 0. A chart of
all the valid encoding patterns is provided in Table 2. The encoding chart for each
digit is presented in Appendix A.
Table 2: The valid encoding patterns of the EAN–13/UPC–A barcode [27, pp. 236].

First digit
0
1
2
3
4
5
6
7
8
9

First group of 6 digits
LLLLLL
LLGLGG
LLGGLG
LLGGGL
LGLLGG
LGGLLG
LGGGLL
LGLGLG
LGLGGL
LGGLGL

Last group of 6 digits
RRRRRR
RRRRRR
RRRRRR
RRRRRR
RRRRRR
RRRRRR
RRRRRR
RRRRRR
RRRRRR
RRRRRR

The widths and heights of the EAN–13/UPC–A barcodes for different barcode
sizes have also been standardized and the most commonly used dimensions
corresponding to magnifications of 80%...100% are presented in Table 3.
Table 3: The standardized dimensions of EAN–13 barcodes in millimeters [28].

Magnification

Module width

80%
85%
90%
95%
100%

0.26
0.28
0.30
0.31
0.33

Barcode
width
25.08
26.65
28.22
29.78
31.35

Bar height
18.28
19.42
20.57
21.71
22.85

Left
quiet zone
2.90
3.09
3.27
3.45
3.63

Right
quiet zone
1.85
1.96
2.08
2.19
2.31

The EAN–13 barcode standard also specifies a module width for each magnification.
The module width is the width of the thinnest barcode bar, either black or white. A
module width is the base unit of the barcode. An EAN–13 barcode is a combination
of 95 black or white bars of module width and all the digits, excluding the first,
are encoded by using seven module width bars to form a fixed width bar pattern
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of four thicker bars, two black and two white. In addition to bars encoding digits,
the barcodes also have special line patterns known as a guard patterns, which are
used to signify the beginning, the end and the middle point of the barcode as
illustrated in Figure 3. The guard patterns are the same for both the UPC–A and
the EAN–13 standards. The center guard consists of five modules, which form a
white-black-white-black-white pattern. The patterns for the beginning and the end
of the barcode consist of three modules in a black-white-black pattern. The edges
of the barcode are called quiet zones, which are 11 modules wide on the left and 7
modules wide on the right. The quiet zones have no bars and they are the same
colour as the barcode background.
An EAN–8 barcode, illustrated in Figure 4, consists of eight digits. All the digits
are encoded using seven modules to form a fixed width bar pattern of four bars
alternating between black and white, similarly to EAN–13 barcodes. The guard
patterns are also the same. The encoding scheme is similar to UPC–A; the encoding
format is always LLLL on the left side and RRRR on the right side. The widths and
heights of the EAN–8 barcodes for different barcode sizes have been standardized and
the most commonly used dimensions corresponding to magnifications of 80%...100%
are presented in Table 4.
Table 4: The standardized dimensions of EAN–8 barcodes in millimeters [29].

Magnification

Module width

80%
85%
90%
95%
100%

0.26
0.28
0.30
0.31
0.33

Barcode
width
17.69
18.79
19.90
21.00
22.11

Bar height
14.58
15.50
16.41
17.32
18.23

Left
quiet zone
1.85
1.96
2.08
2.19
2.31

Right
quiet zone
1.85
1.96
2.08
2.19
2.31

The quiet zones are the same width for the left and right sides unlike in the EAN–13
standard, but the module width is the same as specified for the EAN–13 standard
for each magnification. The overall size is smaller since the barcode consists of a
combination of 67 modules instead of 95 specified in the EAN–13 standard.
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22.11

quiet zone

quiet zone

* L L L L * R R R R*

7503

100%
80%
18.23

2814

(a)

Height reduced
by 20%

11.66

14.58

17.69

(b)

Figure 4: An EAN–8 barcode. The different parts of the barcode are highlighted in
(a). The dimensions of the barcode without quiet zones in magnification 1.0 and 0.8 are
illustrated in (b). The dimensions are in millimeters.

To verify the correctness of the barcode, all the three barcode standards define
the last digit as a checksum digit. For UPC–A and EAN–13, the checksum is
calculated by multiplying the sum of all the digits in even numbered positions by
three and adding to the result the unweighted sum of all the digits in odd numbered
positions [27, pp. 465]. Next, the result is divided by 10 and the checksum digit is
10 minus the remainder of the division. For EAN–8, the algorithm is the same but
the sum of all the digits in odd numbered positions is multiplied by three and the
unweighted sum of the digits in even numbered positions is added to it [27, pp. 465].
In addition to the size and encoding, the barcode colouring has to be taken
into consideration when designing a barcode recognition system. Examples of the
different barcode styles are presented in Figure 5. A linear barcode typically has
black bars on a white background. However, in glass bottles the bars are sometimes
transparent and in aluminium cans the bars can be polished aluminium. Colours
such as blue and green, are also used instead of black, especially in PET bottles. The
transparent barcode bars on a white background lack contrast and aluminium bars
can cause specular reflections. Black bars on a red background have a particularly
poor contrast. Achieving a high contrast between the bars and the background with
every combination is a non-trivial problem.
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(a)

(b)

(c)

(d)

(e)

(f)

(g)

(h)

Figure 5: Different barcode styles: (a) an ordinary black and white barcode, (b) a barcode
with reflective bars, (c–d) barcodes with green and blue bars, and (e) a barcode with black
bars on a red background. Transparent bars on a white background are shown in (f) and
black bars on a yellow background are shown in (g). The barcode in (h) has a too narrow
right quiet zone in violation of the EAN–13 standard.

2.5

Structure of the recognition unit

The recognition unit consists of a beverage container feed opening and a chute for
guiding the containers to a conveyor belt, which takes the containers to sorting. Six
Raspberry Pi -based cameras are placed symmetrically around the chute for imaging
the inserted beverage containers from all sides simultaneously as they slide down the
chute. The cameras are placed evenly 60◦ apart around the beverage container chute.
In addition, six LED (Light-Emitting Diode) light units are placed around the chute
together with the cameras as shown in Figure 6. The lights are pointed away from
the feed opening to minimize reflections from the container surface to the cameras.
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Figure 6: A photo of the inside of the developed recognition unit. The feed opening
is shown in the middle together with the beverage container chute. Six Raspberry Pi
computers and camera modules are placed around the chute together with six LED lamps
pointing away from the feed opening.

The cameras are pointed towards the gap in chute structure as shown in Figure 7.
The vertical barcodes are read between 80 mm long metal strips and the horizontal
barcodes are read through a 35 mm wide slit. Examples of the vertical and horizontal
barcodes imaged from below the chute are shown in Figure 8. Imaging the container
from above and sides is simple with no support structures blocking the view.
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Feed opening with a
140 mm diameter

{

Beverage container chute

77 15
51

76

{

7 15
51

105 mm long slits for
imaging the container
from below

Raspberry Pi camera

(a)

(b)

Figure 7: The beverage container chute. In (a), a photo of the beverage container chute
taken from the side. An illustration of the parts and an approximation of the field of view
of a single camera is shown in (b).

(a)

(b)

(c)

Figure 8: Barcodes imaged from below the beverage container chute. A ladder type
barcode is shown in (a). The information content of the barcode is visible even between
the metal strips. (b) the picket fence barcode cannot be read as the metal strips block the
barcode partially. (c) the barcode can be read as it passes the gap in the chute.
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3

Machine vision system

The machine vision system developed for the reverse vending machine consists of six
Raspberry Pi computers, six camera modules, an Ethernet switch and a PC. The
Raspberry Pis are connected to a gigabit switch, which is connected to a PC where
the image stream is processed. The system architecture is illustrated in Figure 9. The
lighting for the cameras consists of six spot type LED lamps, controlled manually
in the system. This chapter discusses the details of each component.
Cameras placed around the beverage container chute
Camera
module

Camera
module

Raspberry Pi

Camera
module

Raspberry Pi

Raspberry Pi
Ethernet switch

Camera
module

Camera
module

Raspberry Pi

Camera
module

Processing
Unit

Raspberry Pi

Raspberry Pi

Figure 9: The architecture of the machine vision system. The power is supplied to each
component separately. Power over Ethernet is not utilized in this system as neither the
Raspberry Pi nor the switch support it.

3.1

Raspberry Pi

The Raspberry Pi is a credit card-sized single-board Linux computer. Currently,
three different Raspberry Pi models are available [30]. The Raspberry Pi 1 model B
Revision 2 used in this thesis is based on a Broadcom BCM2835 system on a chip,
which includes an ARM1176JZF-S 700 MHz processor, 512 megabytes of RAM,
VideoCore IV GPU and 100Mbps network adapter. One of the used Raspberry Pis
with a third party plastic case and heat sinks is shown in Figure 10.
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Figure 10: Raspberry Pi 1 Model B with third party plastic casing and heat sinks for
the processor, the voltage regulator and the USB/Ethernet controller.

The Raspberry Pi was chosen over commercial machine vision cameras for
financial reasons. The total cost of one Raspberry Pi camera with a third party
lens was less than 100e as detailed in Table 5, whereas low cost commercial
machine vision cameras with a similar frame rate and resolution would have cost
approximately 300–400e without a lens [31,32]. In addition, the Raspberry Pi offers
multiple capture modes and image compression formats, which made it a preferable
choice over commercial solutions for the initial prototyping phase.
Table 5: The cost of the components of a single Raspberry Pi camera. The shipping
costs are not included.

Part name
Raspberry Pi Model B Revision 2 [33]
Raspberry Pi Camera Module [33]
Raspberry Pi Power Supply 5V/1A [33]
3.8–15 mm f /1.6 varifocal fixed iris lens [34]
S mount board lens holder
Plastic enclosure
Aluminium heat sinks (3 pcs)
Total:

Price (e)
33.60
22.50
3.80
22.70
4.50
4.70
1.10
92.80
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3.1.1

Camera module

The Raspberry Pi camera module, shown in Figure 11, is based on a 1/4
inch, 5 megapixel Omnivision OV5647 CMOS (Complementary Metal-Oxide
Semiconductor) image sensor [35]. The sensor has a pixel size of 1.4 µm × 1.4 µm
and an active array size of 2592 × 1944 pixels [36]. The camera module supports
various video modes as described in Table 6. For better adjustability, the original
3.6 mm focal length f /2.9 f-number plastic lens was removed and a 3.8–15 mm f /1.6
varifocal glass lens [34] was fitted using a plastic lens holder as shown in Figure 11.

(a)

(b)

Figure 11: The Raspberry Pi camera module. In (a), camera module with the original
3.6 mm focal length f/2.9 plastic lens removed. In (b), the camera module with a third
party 3.8–15 mm f/1.6 varifocal lens.

Table 6: Capture mode properties of the Raspberry Pi camera module [37].

Resolution
1920 × 1080
2592 × 1944
2592 × 1944
1296 × 972
1296 × 730
640 × 480
640 × 480

Aspect ratio
16:9
4:3
4:3
4:3
16:9
4:3
4:3

Frame rates
1–30
1–15
0.1666–1
1–42
1–49
42.1–60
60.1–90

FOV
Partial
Full
Full
Full
Full
Full
Full

Binning
None
None
None
2×2
2×2
2 × 2 + skipping
2 × 2 + skipping

The camera also supports 2 × 2 binning, which combines charges from adjacent
pixels for a faster readout and an improved SNR (Signal to Noise Ratio) especially
at low lighting levels. In the OV5647, the binning is performed on the Bayer filter
level as illustrated in Figure 12.
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Figure 12: 2 × 2 binning on a colour filter array. Each binned pixel consists of four
adjacent physical pixels of the same colour. The operation effectively increases the pixel
size and decreases the spatial resolution.

The binning results to an effective pixel size of 5.6 µm × 5.6 µm. To appear 2 pixels
wide in a captured image, a barcode line has to be 8 physical pixels wide on the
CMOS surface. Since the full sensor has 2592 × 1944 pixels, a row and column
skipping scheme is employed on the edges of the sensor together with binning to
achieve VGA resolution.

3.2

Illuminating beverage containers

The beverage containers are illuminated with six low cost spot type LED lamps
placed around the container feed chute, as shown in Figure 13.

The colour

temperature of the lamps is 3000 K and they produce a luminous flux of 320 lm [38].

19

(a)

(b)

Figure 13: Beverage container lighting. (a) the inside of the recognition unit with the
lights on. (b) a 330 ml aluminium can on the beverage container sliding down the return
chute.

The lighting used in the developed system produces reasonable recognition
results, but the yellowish light results in poor contrast when imaging barcodes with
a red background, as shown in Figure 14(a). In addition, the light is unevenly
distributed due to the point light sources, and specular reflections may occur with
PET bottles, as shown in Figure 14(b).
In the future, the contrast issue can be fixed by using red light, which lightens
both red and yellow while darkening the blue [39], resulting in increased contrast
with the red and yellow backgrounds and blue bars which are typically printed on a
white background. A ring of LED lights could be placed around the feed aperture,
as illustrated in Figure 15, and pointed towards the beverage container longitudinal
axis to reduce specular reflections [39]. Additional ring for ultraviolet or infrared
LEDs could be added to capture patterns printed using fluorescent or infrared ink,
which may be used in security markings, such as the “DPG Marking” (Deutsche
Pfandsystem GmbH) used in Germany [22].
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(a)

(b)

Figure 14: Issues with the recognition unit lighting. (a) the low contrast of a barcode with
black bars on a red background under 3000 K LED light. (b) minor specular reflections at
the bottom of the PET bottle.

Figure 15: An illustration of a proposed lighting solution utilizing red LEDs placed
evenly around the feed aperture.
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3.3

Main processing unit

The main processing unit is a PC built from ordinary consumer grade PC parts
listed in Table 7. The salient part of the system is the processor. The multi-core
processor enables running the image capture and the barcode recognition in parallel.
The dedicated GPU was added to the system for testing the possibility of offloading
parts of the recognition algorithm from CPU to GPU. However, the gains of running
parts of the algorithm on GPU were negligible. The uploading and downloading of
images to and from the GPU memory was identified as the bottle neck together with
the serial nature of most of the operations. Thus, the developed algorithms do not
require GPU and in the future system the emphasis should be placed on maximal
CPU performance. The amount of RAM can also be reduced at least by half as the
system can process the captured images faster than the combined frame rate of the
cameras and therefore the number of frames in memory waiting to be processed will
be constantly close to zero.
Table 7: The parts of the main processing unit [40].

Part
CPU
Motherboard
RAM
GPU
SSD
PSU
Total:

Part name
Intel Xeon E3-1231v3 (4x 3.40GHz)
ASRock Z87 Extreme3
8GB Crucial Ballistix Sport DDR3-1600
2048MB Palit GeForce GTX 750 Ti
64GB SanDisk Solid State Disk
530 Watt Thermaltake 80+

Price (e)
235.80
86.90
59.90
116.40
36.90
37.10
573.10

The full reverse vending machine system would require an industrial PC with
suitable interfaces for controlling the sorting unit, crushers, lighting, conveyor belts
and an user interface. The PC used in this study processes only the image feed from
the cameras to enable affordable prototyping. The total cost of the PC parts was
approximately 600e including the VAT and shipping.

3.4

Communication between the cameras and the main
processing unit

The six Raspberry Pis are connected to the main processing unit through a Netgear
GS108Ev2 8-port gigabit switch [41]. The processing unit has a single gigabit
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network adapter integrated into its motherboard [42]. Since the Raspberry Pi has
a 100 Mbps network adapter, an ordinary gigabit network adapter on the receiving
end is sufficient for handling the data stream from all the cameras simultaneously
since the combined bit rate of the six Raspberry Pis cannot exceed 600 megabits
per second. During development, the Raspberry Pi network adapter was found to
be able to output approximately 95.3 Mbps, resulting in a combined bit rate of
571.8 Mbps. The transfer rate of 95.3 Mbps is low for a machine vision camera.
For example, an uncompressed 8-bit grayscale image taken in 640 × 480 resolution
requires 2.46 million bits. Therefore, such images could only be sent at a rate of
38.7 images per second.
To increase the frame rate, JPEG compression was tested for shrinking the image
size. However, the increased computational load caused the frame rate to drop to
10.5 frames per second, so the approach of using compressed formats was abandoned.
After experimenting with different resolutions and frame rates, an uncompressed,
640 pixels wide and 372 pixels high 8-bit grayscale image transmitted at 50 frames
per second was chosen as a compromise between frame rate and image size.
The frame rate, together with the beverage container speed, determines the
number of frames with a full barcode as the beverage containers pass through the
camera field of view. The number of frames with a full barcode is
Nbarcode =

wFOV − wbarcode
· fFPS
vcontainer

(1)

where wFOV is the width of the field of view at some distance d from the camera,
wbarcode is the width of the barcode, vcontainer is the speed of the beverage container as
it passes through the camera field of view, and fFPS is the frame rate of the camera.
The effects of bottle speed and barcode size are shown in Figure 16. At the
frame rate of 50, the top camera can capture 3 full frames with an EAN–13 barcode
printed at 100% magnification on a 120 mm diameter beverage container moving
at 500 mm/s. At the same speed, the top camera can capture 5 full frames with
an EAN–8 barcode printed at 80% magnification on a 120 mm diameter beverage
container. The picket fence capture rate lower limit is determined by the width of
the gap between the chute segments. With the gap width of approximately 35 mm,
the lower limit is two full frames.
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Largest ladder (EAN–13, 2.8 PPM)
Smallest ladder (EAN–8, 1.7 PPM)
Largest/smallest picket fence

Number of barcodes
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Bottle speed / mm/s

Figure 16: Number of fully seen barcodes at 50 frames per second capture rate. The
dashed black lines denote the critical container speeds. The system can capture at least
4 frames with a full barcode if the speed is less than 340 mm/s and at least 3 frames if the
speed is less than 460 mm/s.

The Raspberry Pi V4L2 driver supports 13 different video formats for video
capture1 . However, an uncompressed 8-bit grayscale video stream is not supported
by default by the driver. In this study, the grayscale support was implemented by
capturing the images in a packet YUV420 format where the luma values are placed
first in the frame buffer followed by the chrominance components. As all the bits
representing the brightness component of the image are placed at the beginning of
the frame buffer, only the bits up to the number of pixels in the image are read. For
example, for a 640 × 480 pixel image, only the first 307200 bits would be read from
the buffer and the rest would be discarded. Since the Raspberry Pi has very limited
processing power, a computationally light UDP (User Datagram Protocol) is used
for transferring the partial frame buffer to the processing unit.
Each camera is assigned a unique port number where the UDP packets are sent.
On the processing unit, the UDP socket listeners are run in their own threads to
simultaneously receive images from each of the six cameras. For each frame, the
1

No official documentation exists. The user has to query the driver for the supported video
formats via command v4l2-ctl --list-formats
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frame buffer is divided into small packets, e.g., six image rows, and sent packet by
packet to the processing unit where the frame buffer is reassembled. Every packet
has a 10-byte header with information about the total packet count, packet number,
packet size in bytes, and image dimensions in pixels. The packet number and total
count are used for verifying the arrival of every packet and the image dimensions are
used for preallocating image buffers. Successfully received frame buffers are stored
in a thread-safe queue which allows the CPU threads to access the data structure
concurrently. The concurrent queue implementation used in this system is presented
in a book C++ Concurrency in Action [43, pp. 74–75].
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4

Camera placement and analysis

In this chapter, the placement of the cameras within the developed recognition unit
is analysed by considering the limitations imposed by the field of view and the
depth of field. In addition, an optimal camera placement is presented for the future
development.

4.1

Field of view and container visible angle

The field of view of the system is restricted by the width of the thinnest barcode
module in pixels. During the development, a value of 1.7 pixels per module was
experimentally determined as the lower limit; the barcode could not be reliably
decoded below the limit. As detailed in Section 2.3, the system is designed to accept
beverage containers 50 mm – 120 mm in diameter. The smallest, 50 mm container
was used as a basis for the camera placement. The distance between each of the
cameras and the container outer surface was chosen to be 250 mm.
When utilizing the 2 × 2 binning mode, the effective pixel size is 5.6 µm and
the width of the thinnest barcode module is 0.26 mm. The focal length can be
determined by combining the distance and the limitation set by the module width
f=

1.7peff l
= 9.15 mm,
min
wmodule

(2)

where peff is the effective pixel size, l is the distance between the camera and the
min
barcode and wmodule
is the width of the thinnest barcode module in millimetres. The

width of the camera sensor is 3.6736 mm [36], thus the horizontal field of view F OVh
for the system is
F OVh = 2 arctan

1
w
2 CMOS

f

= 23.1◦ ,

(3)

where wCMOS is the width of the sensor and f is the focal length of the lens.
The vertical field of view is fixed to the horizontal field of view. Since the pixels
are square and the image resolution is 640 × 372 pixels, the vertical field of view is
F OVv = 13.4◦ .
In the developed system, the cameras are placed evenly 60◦ apart around the
beverage container return chute. Since the containers rest on the chute, the distance
from the container outer surface to each camera depends on the container diameter.
The distance from the outer surface to the camera straight below the chute does
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not change. However, for example for the camera straight above the chute, the
distance varies between 250 mm – 180 mm since the difference between the smallest
and the largest accepted container diameter is 70 mm. The cross-sectional geometry
determining the visible angle of a beverage container for a camera placed at an angle
ψc is illustrated in Figure 17.
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Figure 17: The cross-sectional geometry determining the container visible angle. The
portion of the container surface visible to the camera is marked with a red arc. Line
segment |AD| is the centre line of the field of view. The smallest beverage container the
reverse vending machine is designed to accept is marked with a dotted circle.

The container visible angle ωvis is a sum of three auxiliary variables
ωvis = β + φ′ + φ′′

(4)

To determine the ωvis as a function of the beverage container radius r, the angle α′
is calculated
y = (r − rmin ) sin ψc
x = (r − rmin ) cos ψc
√
s′ = (s − x)2 + y 2
1
y
α′ = α − α′′ = αfov − arcsin ′
2
s

(5)
(6)
(7)
(8)
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where x and y are auxiliary variables for determining the distance s′ from the camera
to the center of the beverage container with radius r. The ψc is the camera angle with
respect to the vertical centre line of the beverage container. Next, by determining
the angle η, the angle φ′′ can be solved as α′ + η + φ′′ + 90◦ = 180◦ . The angle η is
( ′
)
( )
s sin α′
d
= arccos
.
η = arccos
r
r

(9)

φ′ = χ − α′′ ,

(10)

The angle φ′ is

where α′′ = 21 αfov − α′ , and the angle χ is
(
χ = arcsin

)
(r − rmin ) sin ψc
,
r

(11)

where r is the radius of the large container, rmin is the radius of the smallest container
and ψc is the camera angle. Combining the results yields
φ′ + φ′′ = 90◦ + χ − η − α′ − α′′ .

(12)

To solve for the angle β, the angle λ is required to solve the angles of the triangle
△AGE
1
αfov + α′′ + φ′ + β + λ + 90◦ = 180◦ .
2

(13)

The angle λ can be solved by using known angles
(
(
))
( ′)
s′ sin 12 αfov + α′′
d
λ = arccos
= arccos
.
r
r

(14)

Thus, the angle β is
β = 90◦ − φ′ − λ − α′ − α′′

(15)

With the angles β, φ′ and φ′′ solved in Eqs. (12) and (15), the combined angle ωvis
is therefore
ωvis = β + φ′ + φ′′
= 180◦ − λ − η − 2α′ − α′′ .

(16)
(17)

The result for the visible angle ωvis applies only when both the line segments |AF |
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and |AG|, depicting the limits of field of view, have at least one common point with
the circle O, which is always the case if the radius r is sufficiently large. However,
as the radius decreases, the angles λ and η approach zero. Both the angles are zero
when the beverage container radius is small enough for the container to fit exactly
within the vertical field of view as illustrated in Figure 18.
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Figure 18: The container visible angle ωvis for a small beverage container. The dashed
green lines mark the outer limits of the camera vertical field of view.

Since the cross section of the container grows asymmetrically with respect to the
centre line of the field of view, the part of it below the centre line may fit fully within
the field of view while the upper part is partially outside the field of view. Therefore,
two sets of equations are required to fully describe the visible angle ωvis as a function
of the radius r. For large container sizes, ωvis = β + φ and for very small containers,
which fit fully into the field of view, the visible angle ωvis = βsmall + φsmall . The angle
βsmall is
βsmall = 90◦ − φ′ − α′
= 90◦ − φ′ − arcsin

r
s′

(18)

where α′ < 12 αf ov , since the visibility of the container surface is not limited by the
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vertical field of view below the centre line similarly to the situation illustrated in
Figure 18. The angle φsmall is derived similarly to the angle φ in Eq. (12) with the
exception that η = 0 and α′′′ = arcsin sr′ . Therefore
φsmall = φ′ + φ′′ = 90◦ + χ − α′′′ − α′′

(19)

where χ is the same as in Eq. (11).
The limit radius rlimit for switching between the equations is different for β and
φ since the line |AG| will intersect the circle O for smaller values of radius r than
the line |AF |, as the radius r of O grows. The limit radius for switching between β
and βsmall can be found by setting the line |AG| as a tangent to the circle O when
α′ = 12 αf ov . The limit radius rβlimit is thus
sin ε =

rβlimit
rβlimit + h

(α )
s sin f2ov
1
ε = ψc − αf ov and h =
− rmin
sin ε
(2αf ov )
s sin 2 − rmin sin ε
rβlimit =
( α1f ov−) sin ε
(
)
s sin 2 − rmin sin ψc − 12 αf ov
(
)
=
1 − sin ψc − 12 αf ov

(20.1)
(20.2)
(20.3)
(20.4)

where rmin is the radius of the smallest container. The illustration in Figure 17 and
Eq. (15) apply for r > rβlimit . Equation (18) and the illustration in Figure 18 apply
when rmin ≤ r ≤ rβlimit , respectively.
To precisely model the visible angle ωvis as a function of r, the limit radius rφlimit
for switching between φ and φsmall is also required. The limit radius rφlimit is

α

1
γ = 180◦ − ψc − αf ov
2

s sin f2ov
= d + rφlimit − rmin
sin γ
rφlimit
sin γ =
d
αf ov
s
sin
+ rmin sin γ
2
rφlimit =
1 + sin γ

(21.1)
(21.2)
(21.3)
(21.4)

Similarly to angle β, the illustration in Figure 17 and Eq. (12) for the
angle φ apply when r > rφlimit . Equation (19) for the angle φsmall applies when
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rmin ≤ r ≤ rφlimit . The precise container visible angles for each camera as a
function of container diameter are presented in Figure 19.
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Figure 19: Beverage container visible angle ωvis as a function of the container diameter
for each camera angle ψc .

The combined container visible angle is approximately 420◦ for a 120 mm
diameter container. By considering the angles φ and β separately together with the
camera angle ψc , the amount of overlap between the fields of view of each camera is
illustrated in Figure 20.
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Figure 20: The visible area of a 120 mm beverage container. The coloured radii show the
limits of the field of view for each camera. The two red sectors illustrate the gap between
the camera views. The cameras are pointing to the point D.

The result in Figure 20 indicates that placing the cameras evenly is an insufficient
configuration for imaging the whole surface of 120 mm diameter beverage containers.
The gap in the visible area for such containers is 46.3◦ on both sides of the centre line.
In addition, there is a large overlap in the fields of view between the cameras below
the beverage container chute. The gaps between the cameras can be eliminated by
changing the camera position angle values ψc if the field of view of each camera is
sufficiently wide. Since the camera placement affects the required depth of field, it
needs to be taken into account to optimize the camera placement. The minimum
depth of field as a function of camera position angle is presented in Figure 21.
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Figure 21: Minimum depth of field as a function of the camera position angle ψc . The
required depth of field decreases as the camera position angle increases.

With the current placement, the depth of field for the top camera should be
70 mm and 50 mm for the upper left and right cameras. The lower left and right
cameras require only approximately 16 mm depth of field and the bottom camera
0 mm. However, at least 10 mm extra depth should be added the figures to take
into account the bouncing of beverage containers as they slide down the chute. As
shown in Figure 21, increasing the camera position angle ψc results to lower depth
of field requirement.

4.2

Depth of field and aperture size

The varying size of the beverage containers sets limitations on the minimum depth of
field for each camera. Since the difference in diameter between the smallest and the
largest allowed container is 70 mm, the theoretical minimum depth of field for the
camera straight above the beverage container chute is 70 mm and the minimum depth
of field for the camera straight below is 0 mm. The following depth of field analysis
is a rough approximation as the effects on the image sharpness by demosaicing or
post-capture image enhancements, performed automatically by the Raspberry Pi
GPU, have not been taken into consideration. The diffraction and lens aberrations
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have been ignored for simplicity. Thus, the approximated depth of field is affected
by the focal length of the lens, the aperture size and the distance between the camera
and the beverage container surface. The depth of field is approximately
DOF ≈

2N cf 2 l2
,
f 4 − N 2 c2 l 2

(22)

where N is the f-number of the lens, c is the blur disk diameter, f is the lens focal
length, and l is the distance between the camera and the barcode [44, pp. 111].
Since the developed system has to achieve at least 1.7 pixels per module
as described in Section 4.1, the field of view is fixed for the system.

As the

camera-to-object distance increases, the focal length has to increase and vice versa.
The fixed field of view results in almost equal depths of field for small blur disk
diameters, as shown in Figure 22. Thus, to increase the depth of field, the only
option is to decrease the aperture size. While the smaller aperture size will allow
less light to pass through the lens, the effect can be compensated in the developed
system by increasing the amount of light inside the recognition unit.
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Figure 22: Depth of field as a function of the blur disk diameter, l is the distance between
the beverage container and the camera and f is the focal length.
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To determine an upper limit for the aperture size, the maximum size for a blur
disk was measured for each barcode size by moving the barcode towards the topmost
camera until it could no longer be decoded with the results listed in Table 8. The
pixel per module values of the barcodes at the limit distance were read from the
decoding software. The distance between the barcode and the camera and the size
of the blur disk diameter were solved analytically using the PPM values and the
stardardized module width of each barcode size.
Table 8: The PPM limits and the corresponding distances from the camera and the blur
disk diameters in pixels (2 × 2 binned) for the lens used in the system. After the limit
value the barcodes could no longer be decoded by the developed system

Barcode magnification
80%
85%
90%
95%
100%

PPM limit (pixels)
2.17
2.47
2.53
2.62
2.88

Distance (mm)
195.8
185.3
193.4
193.4
187.8

Blur disk (pixels)
10.8
13.6
11.4
11.4
12.8

The distance between the barcode and the camera can be determined based on
the measured PPM value of the barcode by using a formula
PPM = PPM250

250 · wmodule
,
min
l · wmodule

(23)

min
where wmodule is the barcode module width, wmodule
is the thinnest barcode module

width (0.26 mm), l is the distance between the camera and the barcode, and PPM250
is the measured module width in pixels for the barcode at 250 mm distance from the
camera. The PPM value increases as the barcode is moved closer to the camera as
illustrated in Figure 23.

Pixel per module
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Figure 23: Perceived barcode size. The barcode module size in pixels increases as the
barcode is moved closer to the lens. The module widths range from 1.7 PPM to 3.0 PPM.

The mean distance from the camera to the barcode is 191.1 mm with a standard
deviation of 4.4 mm. The measurement results indicate that the decodability of a
barcode is limited by the blur disk size with the limit size being approximately the
same for every barcode size.
To determine the blur disk size at a given distance from the camera, the near
and far limits for the depth of field need to be studied separately. The depth of field
near limit for a given blur disk diameter is defined as
DOFnear =

lf 2
,
f 2 + N c (l − f )

(24)

lf 2
,
f 2 − N c (l − f )

(25)

and the corresponding far limit is
DOFfar =

where l is the distance between camera and barcode, f is the lens focal length, N
is the lens f-number and c is the blur disk diameter [44, pp. 111]. The near and far
limits for the DOF with the lens used in the developed system and alternative lenses
with an aperture sizes of f /2.4 and f /2.8 are presented in Figure 24.
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Figure 24: The near and far limits of the depth of field for the developed system (blue)
and alternative lenses with an f-number of f/2.4 (red) and f/2.8 (yellow). The dashed
vertical line marks the 10 pixel blur disk diameter point. In the developed system, with
the f/1.6 lenses, the 10 pixel blur disk size limit is reached at 199 mm distance from the
camera.

The depth of field analysis shows that the developed system is limited by the
near limit of the depth of field for a given blur disk diameter. While the average
blur disk diameter limit for the measured barcodes is 12 pixels, the system should
be designed to handle the smallest measured value of 10.8 pixels to ensure reliable
decoding of all barcode sizes undepending on the beverage container diameter. As
shown in Figure 24, a lens with an aperture of f /2.4 would be sufficient as the blur
disk diameter at 180 mm is 10 pixels. However, further decreasing the aperture size
to f /2.8 would make the system more robust since the 10 pixel blur disk size limit
is reached at approximately 172 mm and at 180 mm distance the blur disk diameter
is 8.6 pixels. Therefore, a lens with an f -number of f /2.8 is recommended for the
system and readily available since it is one of the standard f -numbers [44, pp. 112].
Decreasing the aperture size from f /2.8 would not improve the barcode decoding
performance of the developed recognition system.
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4.3

Optimal camera placement

The camera placement is optimized by minimizing the required depth of field while
imaging the whole beverage container surface of any allowed size. As shown in
Figure 21, increasing the camera position angle ψc decreases the required depth of
field. Therefore, the camera placement optimization should begin by maximizing
the camera position angle for the topmost cameras while maintaining an overlap
in the container visible angle and repeating the same procedure for the rest of the
cameras.
The camera placement in this work is determined by the vertical field of view.
The narrower the vertical field of view is, the closer the camera position angles ψc
of the topmost cameras are to zero degrees. In the developed system, full VGA
resolution cannot be utilized due to the limited bandwidth of the network adapter
in Raspberry Pi as detailed in Section 3.4. For this reason, the cameras used in the
system achieve a relatively narrow 13.4◦ vertical field of view. As a result, changing
the camera placement to minimize the gaps in the container visible angle will not
be sufficient to eliminate the gaps as shown in Figure 25.
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Figure 25: The highest possible coverage of a 120 mm beverage container surface with
the Raspberry Pi cameras with 640 × 372 resolution. The gaps cannot be eliminated.

38
Increasing the vertical field of view from 13.4◦ to 17.3◦ by utilizing the full VGA
resolution would eliminate the gaps with approximately 7◦ to 10◦ overlap in the
container visible angles, as illustrated in Figure 26.
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Figure 26: The coverage of a 120 mm beverage container surface with a Raspberry
Pi camera sensor utilizing the full 640 × 480 resolution. The gaps are eliminated with
approximately 7◦ to 10◦ overlap in the container visible angles.

The camera position angles of 15◦ , 50◦ and 135◦ correspond to the minimum
depth of field of 68.3 mm, 56.1 mm and 9.2 mm, respectively. A modest improvement
of 1.7 mm in the largest required depth of field can be achieved, and the overall
camera placement is better since the cameras below the beverage container chute
can be placed further away from it, which reduces the possibility of beverage residue
staining the lenses.

39

4.4

Capturing picket fence barcodes

In the developed system, the cameras are placed symmetrically around the beverage
container return chute as detailed in Section 2.5. Since the containers can only be
returned top or bottom first, their longitudinal axis is always nearly parallel to the
x–axis of the camera sensors. Thus, the information content of ladder barcodes is
always fully present in at least one of the images, as shown in Figure 27. The same
does not hold for the picket fence barcodes as the code axis is perpendicular to the
longitudinal axis of the container. The problem posed by this subtle difference is
non-trivial to solve and the implementation has been left out of the scope of this
thesis due to time limitations. This section is limited to discussing the problem and
proposing a method for solving it.

Figure 27:

A ladder barcode imaged by the recognition unit cameras.

The full

information content of a ladder barcode is fully decodable undepending of its position
with respect to the cameras.

The picket fence barcodes are typically split between two camera views, as shown in
Figure 28, and the information needs to be parsed from two images. However, the
barcode may be too distorted to be decodable even if it fits fully into a single frame
as shown in Figure 29. The barcode bars appear closer together on the other end,
leading to localization failures due to distorted quiet zones and decoding failures as
the widths of the bars and the distances between bars are stretched non-uniformly.
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(a)
Figure 28: Undistorted picket fence barcodes.

(b)
(a) A fully visible barcode can be

undistorted by remapping. (b) Partially visible barcode can be recovered by remapping
all the images with a piece of the barcode and stitching together the pieces.

A captured picket fence barcode can be undistorted by remapping the pixels
in the image and stitching the images together, as shown in Figure 28(b). If the
barcode is fully visible, only remapping is required as shown in Figure 29(b). Both
of the undistorted barcodes are decodable with the decoding algorithm used in this
thesis whereas the barcodes in the unmodified images are not decodable.

(a)

(b)

Figure 29: Issues with picket fence barcodes. The barcode is split between the images
in (a) and the barcode is stretched non-uniformly (b).
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To accurately undistort the barcodes by remapping, the radius of the beverage
container in pixels and the x-coordinate of the longitudinal axis of the beverage
container in the image have to be known. The naı̈ve solution would be to loop
through the expected range of radii and presume that the longitudinal axis of
the beverage container is precisely in the middle of the image. The solution is
computationally expensive as the captured image has to be undistorted at every
iteration of the algorithm in addition to the image stitching and barcode localization
and decoding.
The undistortion step could be speeded up by reducing the number of iterations
by measuring the radius of the beverage container and the location of its longitudinal
axis with respect to the pixel coordinates. The most affordable and perhaps the
most robust option would be to use an additional camera for obtaining a full length
silhouette of the container and calculating its radius from the width of the silhouette
by assuming that the shape of the beverage container is cylindrical. The length of
the container could be measured simultaneously from the image. The silhouette
could be obtained, for example, by background subtraction as the inner structure
of the recognition unit is unchanged and has no moving parts. To increase the
robustness, the background model should be updated pediodically, for example
between successful returns.
Alternative low cost options for measuring the beverage container shape were
also considered. Two low-cost RGBD cameras, ASUS Xtion Pro Live [45] and
Microsoft Kinect 2 [46] were tested to evaluate their suitability for measuring
beverage container length and radius. Xtion Pro utilizes structured light and it is
capable of capturing 640 × 480 pixel depth images at 30 frames per second. Kinect 2
has a time-of-flight camera, which can capture 512 × 424 pixel depth images at 30
frames per second. Despite the differences in the depth image forming technology,
the test revealed similar depth registration problems with transparent PET bottles
and low depth precision for both the sensors as shown in Figure 30. The diameter
of the PET bottle on the left is 55 mm, the aluminium can in the middle has a
diameter of 50 mm and the aluminium on the right is 66 mm in diameter.
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Figure 30: Three beverage containers imaged with Kinect 2 and Xtion Pro live RGB-D
cameras. An RGB image (a), Kinect 2 depth image (b) and Xtion depth image (c). The
black lines in (b) and (c) show the rows where the depth data was extracted. The depth
data in (d) shows the low depth accuracy of both the Kinect 2 and Xtion Pro Live. The
colouring in (b) and (c) is only for visualization purposes.

Although both of the cameras are affordable at 200e and enable, at least in theory,
forming of a 3D model of a beverage container, some of the materials used in the
containers are highly transparent or reflective in the infrared region, thus making
the tested cameras unsuited for the task.
A third option would be to use the topmost monocular cameras as a stereo
camera. The stereo camera would ideally return a dense depth image, which could
be transformed to a 3D point cloud as the locations of the cameras are known. Since
the cameras are oriented towards a common point and lie on the same plane, a thin
image strip could be utilized to reduce to computation time required for finding
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the common points. Provided the point cloud is suitably dense, the radius and the
center line of the beverage container could be measured by, for example, finding
the equation for a parabola that best fits the averaged point cloud and finding the
peak value and the location of the peak value with respect to the image coordinates.
However, the stereo method poses multiple challenges including developing cost
effective and robust way for calibrating the cameras and developing vibration free
mountings for the cameras to keep alignment. The relatively low resolution of the
cameras would also affect the stereo matching negatively. The cameras are placed
far apart from each other relative to the viewing distance, which may lead to poor
matching results as the view of the beverage container may be very different between
the cameras. In addition, the stereo matching may fail if a beverage container has
no labels or other unique surface features as locating matching points between the
images becomes difficult.
In conclusion, all the discussed methods have weaknesses. The silhouette image
method is the most robust of the three and thus recommended. An additional
camera is required but the approach has an added benefit of providing a full view of
the beverage container, which can be used for verifying the container dimensions.
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5

Beverage container identification

This chapter details the developed barcode localization algorithm and provides an
outline of the barcode decoding algorithm by Gallo et al. [47] implemented as a part
of this thesis.

5.1

Barcode localization method

Whereas most of the barcode localization approaches presented in the literature
[48–53] consider the barcode as an area with a specific texture to be extracted from
the image, the barcode localization method developed in this work is used for finding
one whole scanline of a barcode as illustrated in Figure 31.
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Figure 31: In (a), the red lines show two separate barcode scanlines, where the circles
denote the endpoints. Any straight line that crosses all the barcode bars is a valid scanline.
Scanning in an angle equals to stretching a horizontal scanline. The scanlines are shown
below the barcode. The pixel intensities of the scanline are shown in (b); the thinnest bar
is considered one pixel wide.

The algorithm locates the most intact scanline and the pixel coordinates for the
scanline endpoints, thus enabling the extraction of the information encoded by the
barcode from the image. Once the pixel coordinates are found, the pixel intensity
values between the coordinates are extracted, resulting in a vector of 8-bit values,
which will be used in the subsequent decoding phase.
The process of locating the barcode endpoints should be very fast, preferably
a few milliseconds per image.

Thus, the localization consists of a series of

computationally light image processing operations and utilizes image downscaling to
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further reduce the computational load. The main stages of the localization process
are presented in Figure 32.
Start

Read six frames from
queue and concatenate
them

Downscale the image
by a factor of 2

Find the column with
the most black/white
transitions

Select point with the
most white pixels around
it on the selected column

Transform the
coordinates of the point
Apply bottom-hat
filter with 5 x 5 kernel
Extract scanline from the
full resolution image
Binarize the image
with Otsu method

Open the binarized
image with a line
segment

Resize the scanline to a
fixed length

End

Figure 32: The main stages of the localization process.

The cameras send images at a resolution of 640×372 pixels. The images from the
cameras are processed together by reading six successive frames at a time from the
image queue and concatenating them to a 640×2232 pixel image, shown in Figure 33.
The images are written to the queue as they are received from the cameras. Since
the cameras are identical and send the images at the same frame rate, the images
read from the queue are guaranteed to be from different cameras. Therefore, the
composed image provides a full 360◦ view of the beverage container surface given
that the container diameter is sufficiently small in order to be fully imaged. Using
all the images captured at the same instant allows the localization to determine the
most visible scanline between the images.
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Figure 33: The original 640 × 2232 pixel image constructed from six unique images.

Prior to the localization, the original concatenated image is stored and a copy
is downscaled by a factor of two to form a 320 × 1116 pixel image where each pixel
is an average of its surrounding pixels. The downscaled copy is used for finding the
coordinates for the barcode endpoints. The coordinates are used for extracting the
barcode scanline from the original image.
The localization begins by applying a bottom-hat transform to the resized image.
In the bottom-hat transform, a morphological closing is applied on an image and the
closed image is subtracted from the original image. The operation leaves dark pixels
surrounded by bright pixels intact, thus effectively highlighting the barcode bars.
The size of the closing kernel should be as wide or wider than the widest barcode
bar to connect all the white regions surrounding the bars. However, a large closing
kernel preserves other, undesired, areas with black elements on a white background,
such as text on the beverage container labels. Thus, the closing kernel should be
large enough to be effective with most of the barcode bars, yet small enough to
include only a minimum number of label texts or other markings.
The widths of the thinnest barcode lines range from 1.7 pixels to 3.0 pixels as
detailed in Section 4.2. Since the widest bars are four times wider than the thinnest
bars, the widest bars are 6.8 pixels to 12 pixels wide. After downscaling the image
by a factor of two, the widest bars are approximately 3 – 6 pixels wide. Taking
this into account, a 5 × 5 square kernel was chosen as the closing kernel with the
result shown in Figure 34. The chosen kernel sufficient for highlighting most of the
possible bar sizes, yet small enough to filter out a majority of the label markings.
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(a)

(b)
Figure 34: Downscaled and bottom-hat filtered image. The (a) and (b) are the same
image with different gray level adjustments. In (b), the levels have been adjusted to better
show the noise still present in the image.

Next, the image is thresholded. The threshold level is determined using the Otsu
method [54], which returns a global threshold that maximizes the variance between
the groups of black and white pixels. The method automatically determines the
optimal threshold and reliably removes noise remaining in the bottom-hat filtered
image, as shown in Figure 35.
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Figure 35: Bottom-hat filtered image thresholded with Otsu method [54]. The low
intensity noise has been removed and the barcode is highlighted, but some label texts are
still remaining.

A directional image opening is then performed on the binarized image. Applying
a morphological opening using a line segment isolates all the bar-like structures from
the binarized image, and provides information about the barcode orientation. The
opening is performed by choosing a suitably sized line segment, rotating it to an angle
and using it as a kernel in the opening. The size of the line segment depends on the
image resolution and image quality. In this study, a 1 × 15 pixel line segment was
used with the downscaled 320×1116 image. The line segment is rotated between the
openings and the sum of the pixel values of the resulting binary image is calculated
and stored. The rotation angle of the line segment that maximizes the image sum,
that is, the number of white pixels remaining after morphological opening, thus
represents the orientation of the bar axis as illustrated in Figure 36. The bar axis is
always close to 0◦ since the beverage containers do not bounce much as they slide
past the cameras. Therefore, only rotation angles between −16◦ and 16◦ are used
with 8◦ steps, resulting to five opening operations.

Figure 36: The thresholded image after applying a morphological opening with a 1 × 15
line segment. The operation preserves only bar-like structures in the image. After the
opening, a majority of the white pixels belong to the barcode.
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After the morphological opening, the column with the highest quality scanline
is determined from the opened image. To find the scanline, the transitions between
black and white are counted for each row and the number of transitions is weighted
with the sum of the white pixels within the column. By weighting, the column with
the thickest bars is selected if multiple column have the same number of transitions.
The column with the highest value is chosen and the column number is stored.
The operation simultaneously avoids scanlines with specular reflections, shadows or
blurred or damaged bars, which all reduce the number of lines remaining after the
morphological opening. In addition, each pixel needs to be read only once, making
the operation efficient.
To find a row within the barcode on the selected column, a box filter with an
80 × 1 window is applied to the column. The coordinates are located for the pixel
with the highest value after applying the filter. The obtained point P max is the one
with the most surrounding white pixels within the column. Furthermore, P max will
lie on the column with the least blurred and damaged scanline. The highest quality
scanline found in the image is shown as red line in Figure 37.

Figure 37: The column with the highest quality scanline (red line) with the point with
the most white pixels around it (red circle).

After locating the highest quality scanline, the coordinates for P max in the
opened image are transformed to obtain the coordinates of the corresponding point
P in the stored, unmodified image. The coordinate transformation is trivial as
(
)
P = 2Pxmax , 2Pymax since the original image is downscaled along both axis by a
factor of two. One pixel accuracy in both directions is sufficient for determining
the corresponding point in the original image, as the point P max will be within the
barcode region rather than on the edges.
The barcode endpoints are obtained by selecting the row where point P lies
from the stored, unmodified image and moving to the left from point P until the left
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quiet zone is located, or the edge of the image is reached. The right bound is found
similarly by moving to the right from point P until the right quiet zone is located
or the edge of the image is reached. To determine where the quiet zone begins, the
pixels are labelled either white or black. A pixel is labelled white if the intensity of
the pixel is higher than the median intensity around point P .
Since the right quiet zone width is seven times the barcode module width and
the smallest pixel per module value is 1.7, the thinnest right quiet zone is at least
11.9 pixels wide. To allow one pixel margin of error, the quiet zones are considered
11 pixels wide. If 11 white pixels are found in succession, the pixels are labelled as
quiet zone pixels. The left limit is then corrected back to right by 11 pixels and the
resulting point indicates the left edge of the barcode. The same process is repeated
for the right side. Once the endpoints have been located, the pixels between the
endpoints are stored as the barcode scanline. The locations of barcode endpoints
and point P are shown in Figure 38.

Figure 38: The original, 640 × 2232 pixel image with the barcode endpoints. The
endpoints are marked with thick white circles and the lighter white circle is the point P .

The median pixel intensity is determined by considering the worst case scenario
where point P is located on the left or right guard pattern. The narrowest quiet
zone is 11 pixels wide, therefore a 22 pixel wide window is considered. A 22 × 1
pixel window is used for determining the first median pixel value around point P .
After moving 11 pixels left or right, the median is calculated again over a 22 × 1
pixel window and the process is repeated until the quiet zones have been located.
The pixel intensities for the extracted scanline are shown in Figure 39. The
extracted scanline has only pixel intensities between 0 and 138, with a median value
of 68. The effects of blurring are visible throughout the scanline, particularly in the
middle guard pattern, approximately between pixels 80 – 100. Finally, extracted
scanline is resized to a fixed 300 pixel length using nearest neighbour interpolation
since the fixed size speeds up the subsequent scanline decoding.
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Figure 39: The extracted barcode scanline and an ideal scanline (above) of the same
barcode.

5.2

Decoding algorithm

The decoding algorithm is based on an algorithm developed for scanning UPC–A
barcodes with mobile phones by Gallo et al. [47]. The algorithm is capable of
decoding barcodes from blurred, noisy and low resolution images, making it well
suited for the developed machine vision system. The tolerance to blur extends the
usable depth of field and enables the use of low cost cameras and lenses. As a
part of this thesis, the algorithm has been implemented in C++ and extended to
decode EAN–13 and EAN–8 barcode standards in addition to the UPC–A barcode
standard. In this section, an outline of the decoding algorithm is given based on the
article by Gallo et al.
The decoding algorithm requires locations of the end points of the barcode
scanline with a predefined accuracy [47]. Once the end points have been located, the
initial values are computed for the locations of the digit segments on the extracted
scanline based on the length of the scanline. The digit locations depend on the
barcode format. For example, EAN–13 barcode consists of 95 modules of width w
and each digit consists of seven modules. Since the digits are preceded by three
modules wide guard pattern, the ith digit segment on the left side of the barcode

52
starts at
oi = oL + 3w + 7w (i − 1) ,

(26)

and on the right side of the five module wide centre guard pattern at
oi = oL + 3w + 7w (i − 1) + 5w,

(27)

where oL is the left endpoint obtained by the localization step and w is the pixel
width of a module. The intensity profile of each digit segment is extracted from
the scanline and compared with binary templates, which represent digits from 0
to 9. The template for digit 0 encoded in L format is shown in in Figure 40.
The algorithm uses seven modules wide templates with two extra support modules.
The extra modules at both ends of the template extend to the last module of the
preceding digit and to the first module of the following digit. The modules increase
the robustness of the template matching as the last and the first modules of adjacent
digit segments are guaranteed to have opposite polarity by the EAN–13, EAN–8,
and UPC–A barcode standards.

Intensity

255

0
0

1

2

3
4
Module

5

6

7

Figure 40: Digit template for the digit 0 encoded in L format. A digit template is seven
modules wide with two extra modules for increased robustness and the pixel width of the
whole template is 9w.

To account for inaccuracy in the initial estimates for oi and w, the templates are
shifted and scaled, allowing tolerance for both the digit segment starting points, as
well as for module widths as illustrated in Figure 41.
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Figure 41: A segment of the barcode scanline (blue solid line) and a digit template (red
dashed line). The template for digit 0 is shown on top of a scanline segment. The dashed
black line shows the initial location of the digit segment [o0 , o0 + 7w0 ]. The ō0 and w̄0 are
the estimated deformation parameters for the digit.

To determine the correct template for a digit segment, Gallo et al. have defined
a conditional likelihood function for expressing the likelihood of a digit template
explaining the scanline intensity within a digit segment for some deformation
parameters o and w. The uncertainty about the actual deformation parameters is
taken into account by integrating the conditional likelihood function over the range
of deformation parameters. In this thesis, the starting point tolerance is defined as
∆o = ±2w and the width tolerance is defined as ∆w = ±w.
Integrating the conditional likelihood function over the range of deformation
parameters provides a total likelihood for a digit template explaining the selected
scanline segment, resulting to a total likelihood for each digit template. Gallo et al.
present a computationally light algorithm for calculating the exact value for the
integral representing the total likelihood by utilizing the piece-wise constantness of
both the digit templates and the scanline. In this thesis, the algorithm has been
modified to utilize precalculated look-up tables to reduce the computation time.
The look-up tables can be used as the module width w is fixed by resizing the
barcode scaline to a 300 pixel length prior to decoding. As a result, digit templates
and weights utilized in computing the integral need to be generated only once for
EAN–13/UPC–A and EAN–8 at the start of the program.
Finally, in addition to the total likelihood, least squares estimates (ōk,p , w̄k,p ) for
the deformation parameters (o, w) are also calculated for each digit k and every
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digit position p to aid in the final step of decoding the barcode. The additional step
is required since independent likelihood maximization over each digit segment may
produce incorrect digit sequence due to noise, blur, or deformation of the barcode
itself. To ensure the correctness of the barcode digit sequence, digit templates
creating large overlaps or gaps between two consecutive digit segments are penalized
with a cost function, which assigns a cost based on the width of the overlap or gap
between adjacent digit templates and the total likelihood of the digit template for a
given position. Starting from the first digit segment, the cost of each of the ten digit
templates is calculated and stored for each digit position. The sequence with the
lowest total cost is found by choosing the digit with a lowest cost for the last digit
position. Next, by backtracking from the last digit, each digit position is decided by
choosing a digit that minimizes the cost between it and the previous digit. Finally,
the resulting digit sequence with the lowest total cost is verified by calculating the
barcode checksum as explained in Section 2.4. In this thesis, a valid digit sequence is
verified also by searching it from the barcode database. The decoding loop exits only
after a match is found. Otherwise decoding is tried again using the next remaining
barcode encoding pattern.
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6

Performance characterization

This chapter evaluates the speed and accuracy of both the localization and decoding
algorithms as well as factors impacting the performance, such as the speed of the
returned containers as they slide past the cameras.

6.1

Computational performance

The speed and accuracy of the localization and decoding algorithms has been
evaluated to offer a basis for further development and give insight into the
performance of the developed system.
6.1.1

Localization performance

The localization speed was measured over a period of 9000 frames without returning
any containers. The localization waits for a frame from each camera and combines
the six frames into a single image. In the developed system, the localization is
performed for every frame without checking whether a beverage container is present
in the frames or not. The average localization time was 8.63 ms per image with a
standard deviation of 2.79 ms. Since each image consists of six camera frames, the
average time per frame is thus 1.44 ms with a standard deviation of 0.47 ms. The
measured times are strictly for the localization algorithm as the wait time between
new frames is excluded from the measurements.
6.1.2

Decoding performance

The decoding speed was measured for the EAN–13, EAN–8, and UPC–A barcode
formats while the system was running.

Since the decoder works by matching

templates, every possible encoding pattern has to be tried separately. Thus, the
order at which the encodings are tried has an impact on the average decoding
performance since the encoding patterns are not equally common. The encoding
patterns are linked to the company prefixes assigned by the GS1 [55]. For example,
the EAN–13 company prefixes for Finnish companies are 640 – 649. Since many
of the beverages sold in Finland are produced by Finnish companies, the majority
of beverages sold in Finland have an EAN–13 barcode that begins with digit 6. In
the developed system, the order at which the encoding patterns are tried is 6, 5,
8, 4, 0, 3, 9, 7, 1, EAN–8. Encoding pattern 2 has been excluded from the list
since the EAN–13 barcodes beginning with digit 2 have been reserved for restricted
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distribution [55]. The ordering reflects the frequency of the encoding patterns in the
container set used for testing. Country specific optimization is possible by simply
arranging the encoding patterns in a different order.
As explained in Section 5.2, the decoding algorithm has been modified by
precalculating look-up tables to improve the computational performance.

The

algorithm has been tested with the precalculation phase and without it. In both
cases, the wall-clock time for the whole decoding process consisting of template
matching, enforcing spatial coherence, checksum validation, and database search
has been measured. The results are shown in Table 9.
Table 9: The results of the decoding algorithm speed test.

With precalculation
EAN–13: (pattern 6)
EAN–13: (pattern 5)
EAN–13: (pattern 3)
UPC–A (pattern 0)
EAN–8
Every pattern
Without precalculation
EAN–13: (pattern 6)
EAN–13: (pattern 5)
EAN–13: (pattern 3)
UPC–A (pattern 0)
EAN–8
Every pattern

Average time (ms)
(normal / reversed)
0.73 / 7.15
1.40 / 7.74
4.59 / 10.71
3.78 / 9.42
6.61 / 13.99
13.99 / –

Standard deviation (ms)
(normal / reversed)
0.13 / 0.50
0.25 / 0.47
0.35 / 0.41
0.37 / 0.41
0.31 / 0.62
0.62 / –

25.70
26.37
29.74
28.79
37.83
39.14

5.04
4.63
5.06
4.94
4.94
5.54

/
/
/
/
/
/

32.02
32.71
36.58
34.50
39.14
–

/
/
/
/
/
/

4.97
4.91
5.06
4.99
5.54
–

The decoding speed for a specific encoding pattern depends solely on the order
at which the encoding patterns are tested on the scanline. The decoding time
increases linearly. For example, decoding an UPC–A code takes on the average
3.78 ms, which is approximately five times the decoding time for an EAN–13 pattern
6 code. The result is expected based on the encoding pattern ordering. If none of the
patterns match, the scanline is reversed and the matching is tried one more time. For
this reason the decoding time for any EAN–13 encoding pattern varies significantly
depending on the barcode orientation. If every EAN–13 encoding pattern is tested
for both the scanline and the reversed scanline, the total time on average is 14 ms
with a standard deviation of 0.62 ms.
The precalculation phase reduces the combined decoding time of every pattern
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by a factor of 2.8 and the decoding time of the pattern 6 by a factor of 35, showing
the performance boost gained by utilizing a precalculated look-up table.

6.2

Combined performance

The overall performance is determined largely by the performance of the localization
algorithm. With the current implementation, the localization as the only operation
can be performed approximately 695 frames per second. However, the decoding is
performed at least a few times every second due to noise triggering the decoding
algorithm. Presuming ten false decoding attempts a second and a return speed
of 60 barcodes per minute, a conservative estimate for the overall performance of
the system would be approximately 588 frames per second as every second at most
154 ms are spent decoding and the remaining 846 ms equal to approximately 588
localization attempts.
To boost the performance, the localization and decoding should only be
attempted if a beverage container has been inserted into the feed opening. By
triggering the image processing based on a need, the overall performance could be
increased. The processing could be started with the container passing a light gate
and stopped once the container reaches a second light gate. The light gates should
be placed at least 380 mm apart as the largest allowed container length is 380 mm.
Presuming the cameras are upgraded to models capable of capturing 100 FPS and
the beverage containers move past the cameras at 500 mm/s, the cameras would
capture 456 frames between the start and stop triggers. At 588 FPS processing
speed, processing the frames would take 0.78 seconds, which equals capability to
accept 77 returns per minute. However, since the processing stops after a barcode
has been identified, on average, less than 480 frames would have to be processed.
Therefore, the image processing speed of the developed system is satisfactory for the
application.

6.3

Return speed

The reverse vending machine should be able to process returned beverage containers
at the rate they are inserted into the eliminate the need for waiting.

To get

an estimate for the highest return speed that the developed system can process
without delays, a total of 70 different aluminium cans, PET bottles and glass bottles
were returned seven times in a row. The containers were inserted into the reverse
vending machine feed opening by hand and a new container was inserted after the
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previous container was recognized and accepted. The unrecognized containers were
considered processed after the full length of the container had slid past the cameras.
To simulate the effect of having to return unrecognized containers twice or more, a
three second penalty was added every time a container was not recognized and the
container was returned again with the clock running. The results are presented in
Table 10.
Table 10: The results of the return speed test. 70 beverage containers were returned in
each round.

#

Returns

1
2
3
4
5
6
7
Average:

74
76
72
74
74
72
76
74

Return
time (s)
98
98
88
95
94
96
95
94.9

Penalties (s)
12
18
6
12
12
6
18
12

Total
time (s)
110
116
94
107
106
102
113
106.9

Returns /
min
45.3
46.5
49.1
46.7
47.2
45
48
46.8

Recogn. /
min
39.6
38.2
46.7
40.8
41.2
42
39.3
40.8

The beverage containers were inserted into the reverse vending machine feed
opening at an average rate of 46.8 containers per minute. The average recognition
rate was 40.8 containers per minute and the average accuracy was 94.6%. Glass
bottles were not used in the test due to the fear of accidentally breaking them.
Since all the picket fence barcodes in the test containers were printed onto the glass
bottle labels, the test set contained only barcodes in ladder orientation.
During the testing, it was found that inserting containers by hand into the feed
opening at a rate higher than approximately 45 containers per minute is challenging
even when both hands are used for returning the containers. Based on the test
results, the upper limit for the return speed by hand is approximately 50 to 55
containers per minute. Therefore, the container return speed can be considered
satisfactory for a majority of users and the future development should focus on
maximizing the recognition accuracy.

6.4

Recognition accuracy

The reverse vending machine has to identify the beverage container material and
refund correctly. For example, if a glass bottle is fed into a crusher designed for
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PET bottles, the crusher may malfunction and glass aggregate will mix with PET
aggregate. In addition, the refund has to be correct to avoid customer complaints.
Therefore, the recognition failures can be divided into fatal and non-fatal failures.
A failure to recognize a beverage container is fatal, if the container is recognized
as another product, since it may lead to malfunction or complaints. The failure is
non-fatal if the container is not recognized at all, and can therefore be returned to
the user.
The recognition accuracy was tested by dividing the containers into six separate
groups based on the barcode orientation and colour.

The sample sizes vary

significantly between the groups due to the limited number of different containers
available for the test, but the sample sizes also reflect the prevalence of different
barcode types. The test was conducted by returning every container in each of the
six groups five times. The beverage containers were fed into the recognition unit
in random order, either top or bottom first. The fatal and non-fatal failures were
logged and the results are presented in Table 11.
Table 11: The results of the recognition accuracy test.

Barcode type:
Black & white bars
Coloured bars
Metallic bars
Non-white background
Transparent bars

Sample
size
50
15
9
3
1

Returns
250
75
45
15
5

Non-fatal
errors
12
4
6
10
0

Fatal
errors
0
0
0
0
0

Accuracy (%)
95.2
94.7
86.7
33.3
100

The results show that the current barcode based recognition method produces no
fatal recognition failures. However, the number of non-fatal failures is high for
barcodes with metallic bars or a non-white background. The reason for the high
rate of recognition failures is the lack of contrast between the barcode bars and the
background due to poor lighting conditions as shown in Figure 14. To improve the
accuracy, the lighting of the recognition unit should be redesigned to maximize the
contrast between the bars and the background. Particularly barcodes with polished
aluminium bars on a white background and barcodes with matt black bars on a dark
red background lack contrast and should be tested thoroughly.
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6.5

Performance of competing products

Two commercial reverse vending machine models were tested to determine how
the recognition capabilities of the developed system compare with the competition.
The T–820 and T–9 by Tomra were chosen as they are both common in Finnish
grocery stores. The machines are a good benchmark as Tomra is a major reverse
vending machine manufacturer with a 65% global market share in reverse vending
machines [14].
The test was conducted by returning an identical set of 26 beverage containers
to both reverse vending machines and measuring the time it took to return them.
The containers were returned by hand and a new container was inserted after the
previous container had been accepted. Fatal and non-fatal recognition failures were
also counted. The results are shown in Table 12.
Table 12: The results of the speed capability test where 26 beverage containers were
returned by hand and a new container was inserted after the previous container had been
accepted. A three second penalty was added for recognition failures (non-fatal). The
reported times include the penalties.

Model

Returning
time (s)
T–820
54
T–9
40
Prototype
34

Non-fatal
errors
0
0
2

Fatal
errors
0
0
0

Returns / min

Recognitions / min

29
39
46

29
39
42

As discussed in Section 2, the T–9 is the latest model by Tomra, and the
only reverse vending machine in the market utilizing multiple cameras for beverage
container recognition. The results show the benefits of this approach; the containers
could be returned to the T–9 at a 34.5% higher rate than to the T–820. The
developed system achieves comparable rates, but as discussed in Sections 6.3 and
6.4, approximately 6% of the containers have to be returned at least two times due
to recognition failures.
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7

Conclusions

In this work, a camera-based beverage container recognition system for a reverse
vending machine was designed and constructed.

The system consists of six

Raspberry Pi -based cameras placed symmetrically around the beverage container
feed chute for reading the product specific barcode of every beverage container
without rotating the container.
The recognition system automatically checks whether the decoded barcode exists
in a local barcode database, which lists information about each beverage container,
such as the deposit, material, and dimensions. The dimensions and weight should
be measured as additional features to validate the initial barcode recognition result
by comparing the dimensions and weight with the database values.
As a part of this thesis, a set of tests were conducted on the prototype system
to measure its recognition accuracy and speed. With ladder barcodes, the system
achieved 95.2% recognition accuracy on ordinary black and white barcodes and
94.7% accuracy on barcodes with coloured bars, such as green and dark blue, on a
white background. The recognition accuracy for reflective metallic bars on a white
background was 86.7% and for barcodes with black bars on a red background the
accuracy was 33%. The recognition failures in the two latter cases were caused
by the poor contrast between the bars and the background either due to specular
reflections or the similarity of the colouring of the bars and the background.
The return speed was tested to exceed the competing commercial reverse vending
machines with 46.8 beverage containers per minute return rate if the occasional
recognition failures were not factored in to the results. Taking the recognition
failures into account, the effective recognition speed remains competitive with 40.8
containers per minute. It was also found that the reverse vending machine does not
have to be capable of accepting more than approximately 45 beverage containers
per minute as feeding them faster into the machine by hand is very difficult even if
both hands are used for returning the containers.
Based on the test results of the developed recognition unit and the user experience
obtained during development, recommendations for further development have also
been presented in this thesis. The barcode localization and decoding algorithms
used in this thesis have been tested to be computationally light and efficient. Thus,
the future work should concentrate on improving the beverage container lighting
to achieve higher contrast between the barcode bars and the background and to
eliminate specular reflections. The cameras and lenses should also be replaced with
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commercially available machine vision products for the best availability, reliability
and increased performance, such as the frame rate and resolution. The camera
position angles, lens parameters, and the dimensions of the beverage container feed
chute should be optimized based on the recommendations presented in this thesis.
In addition, pressure sensors or strain gauges should be integrated into the feed
chute support structure for weighing the beverage containers as they slide past the
cameras. It is also recommended to include at least a rudimentary shape detection
to reject objects whose dimensions do not match the barcode database values.
While the developed system currently has lower recognition accuracy than the
tested commercial reverse vending machines due to lighting issues, the return speed
is already competitive. The results confirm the superiority of the camera-based
system over traditional recognition methods, typically based on a beverage container
rotation combined with a single omnidirectional laser-based barcode reader. In
addition, the user experience is improved as the beverage containers can be returned
at a high rate, either top or bottom first unlike with the existing rotation-based
systems.

Furthermore, the developed recognition unit design simplifies the

mechanics of the reverse vending machine. The camera-based system and the chute
have no moving parts making the system virtually maintenance free.
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A
Digit
0
1
2
3
4
5
6
7
8
9

Barcode digit encoding table
L–coding
0001101
0011001
0010011
0111101
0100011
0110001
0101111
0111011
0110111
0001011

G–coding
0100111
0110011
0011011
0100001
0011101
0111001
0000101
0010001
0001001
0010111

R–coding
1110010
1100110
1101100
1000010
1011100
1001110
1010000
1000100
1001000
1110100

Table 13: Barcode digit encoding table for EAN–13, EAN–8, and UPC–A barcode
standards. Encoding 0 equals to the barcode background colour, which is typically white
and 1 equals to the bar colour, which is typically black.

