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Abstract
Data Matrix and QR codes are two of the most popular types of two-dimensional (2D) matrix
bar codes, which are the descendants of well-known 1D bar codes. However, compared to 1D
bar codes, they offer many benefits. They enable us to store much more information in the
same area, omnidirectional readability, readability even with partial code corruption, error
correction, etc.
2D codes began to be used in the automotive industry but quickly spread to other areas. They
are used by many industry organizations as an appropriate industry standard, are often used in
production, distribution, storage, and sales processes in product labeling, and are also used in
monitoring and analysis of production processes in car production.
The monograph deals with the recognition of Data Matrix and QR codes in images. It
presents the current state of knowledge in the field and presents the principles of image
processing that can be used to address the topic. The work summarizes the results of the
scientific and research work of the authors and proposes their own original algorithms for the
recognition of 2D codes in real-scene images. Our goal was to design an affordable solution
that enables the processing of scanned 2D codes in real-time. Emphasis is placed on the
possibilities of use in industrial practice.
We have proposed algorithms which localize single or multiple Data Matrix and QR Codes in
an image and decode information, which is stored in them. Image processing techniques like
edge detection, adaptive thresholding, connected component labeling, image moments, and
local features under sliding window are utilized to identify objects of interest or areas in an
image, which can be 2D codes or their parts. We also deal with partially damaged and perspective distorted 2D codes. The recognition rate of the presented algorithms was tested on
publicly available test data sets of images with Data Matrix and QR codes. Test data sets are
freely available online, so other authors can compare their results with ours. Algorithms are

computationally efficient, work well for low-resolution images, and are also suited to realtime processing.
The monograph is intended mainly for programmers and developers of business applications,
researchers, teachers, doctoral students and students at technical universities, as well as for
the scientific community and professionals with an interest in the topic.
This monograph was developed within the project KEGA 006STU-4/2021: "Progressive form
of interdisciplinary education and support for the development of vocational subjects in the
university environment".

Keywords: 2D matrix code, Data Matrix Code, QR Code, Finder Pattern, Timing Pattern.
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Location and Recognition of Data Matrix
and QR Codes in Images
1 Introduction
Every company that wants to maintain its competitiveness in the market must permanently
ensure a constant increase in efficiency and productivity, which can only be ensured by
continuous improvement of its internal processes. Only then can it be ensured that the prices
of his products will not grow more than the market will accept. Continuous modernization of
production processes is one way to achieve higher productivity. Components of automatic
identification and data capture (AIDC) are one of the tools that can help here. In a business
environment, it is necessary to identify a number of elements and components in its activities
and operations. They are e.g. inputs for production, intermediate products during production,
and outputs from the production process. Modern automated identification technologies can
work faster, more accurately, and more efficiently than humans. It is possible to reduce
process costs and speed up production processes, thereby ensuring productivity grows and
gaining an advantage in competition (Karrach and Pivarčiová 2020).
The identification of goods has always played an important role in both production and trade.
Already in the Middle Ages, it was necessary to distinguish one's own goods from competing
goods. When mass production was introduced after the start of the industrial revolution, it
became necessary to mark and control a large number of goods coming into and out of the
factory, so the identification process had to be sped up and automated.
Harvard University students came up with the first idea of automatic identification of goods
in 1932 using punched cards. One-dimensional (1D) bar codes, which were patented in 1952,
have become an important, and now most widespread method of identification. Barcodes
have found application in many areas of life, such as warehouses, retail stores, cash registers,
production, sales, invoicing, security applications, property registration, parcel delivery,
healthcare, libraries, etc. Currently, more than 200 types of different barcodes are used.
However, one-dimensional barcodes are often no longer sufficient to store the necessary
amount of information to identify objects being handled. Therefore, they are successively
replaced by two-dimensional (2D) matrix codes that allow us to encode much more
information in one symbol.
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Two-dimensional codes began to be used in the late 1990s in Japan. They gradually spread
throughout the world and became one of the most widely used forms of automatic identification. Currently, they support and enable global trade and advanced industries. Using twodimensional codes is one of the most accurate and fastest methods for automatically detecting
large amounts of data. Two-dimensional code technology is versatile, reliable, and easy to
use. The 2D codes can be used in a variety of environments. They can be printed or laserengraved on materials resistant to high temperatures, frost, acids, excessive humidity, etc.
2D codes have also been used in the monitoring and analysis of production processes in the
automotive industry. At present, car manufacturers and their suppliers are forced to shorten
product life cycles, intensify innovation processes, and respect individual customer requirements. These customer preferences lead to production concepts such as "Make-to-Order",
"Assemble-To-Order", or "Configure-To-Order". Sequential production scheduling is especially important for automakers, which are developing a vehicle variability strategy through
unified platforms for a variety of models. In such an organization of automotive production,
various modifications of the vehicle alternate on the assembly line according to customer
orders. Likewise, suppliers must flexibly manage the dynamics in planning and management
with computer support and synchronize their own production of components with the requirements of OEMs (Original Equipment Manufacturers) (Lešková 2014).
Each car contains several thousand components, which in various variants are grouped into
functional nodes and aggregates. The diversity and number of components is also the reason
for the diversity of their production. The number of components that make up a passenger car
is illustrated in Figure 1 (Sjf TUKE 2015).

Figure 1: An illustrative example of passenger car components (Sjf TUKE 2015)
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Effective, fast and reliable management of such a production process is unthinkable without
the automated collection of information about all components that create such a unique
product. The precondition is a special, unique and reliable marking of the used components
and the technical means for automatic loading this data before mounting the component into
the product. It is a complex of requirements and resources that can be effectively filled by
using unique barcodes when labeling parts. In a simpler case, one-dimensional (1D) bar
codes may be sufficient, but for more demanding use, two-dimensional (2D) matrix codes are
more suitable, which have the advantage of large information capacity and strong error
correction.
The labels are the easiest way how to mark the installed parts in cars. However, in the case of
stick-on or otherwise attached labels, it is very important that they are made of durable material. In challenging industrial environments, labels are often exposed to extreme temperature
fluctuations, chemicals, liquids, and other harsh conditions that could cause the labels to fall
off, wear out, or otherwise be lost or damaged. In such environments, unfriendly to traditional
labels, direct part marking (DPM) is often used. Direct part marking is applied directly to
metal parts (for example, by laser-engraving, milling, etching, or embossing) and persists
throughout the entire lifecycle of a car or its components, providing lifetime traceability. Direct part marking is also useful for identifying parts that are too small to hold a label.
When applying barcodes to production, it is important to focus not only on the flawless and
reliable marking of individual components with codes, but great attention must also be paid
to the process of scanning and decoding scanned codes. Even a 1 % error rate can cause significant material damage and loss if a component is incorrectly identified. With an annual
production of e.g. 1 million cars, if each car had only 25 components with automated barcode
scanning and subsequent automatic component manipulation, this could mean that 250 000
components would be taken out of assembly. This would not only interrupt the continuity of
assembly nearly every 2 minutes, but also significantly increase production costs.
Bar codes help speed up production and optimize tracking of production processes. They can
be used in supplier chains, warehousing, transport & logistics, and business activities. Bar
codes (whether 1D or 2D) have always been closely linked to the automotive industry.
This publication deals with the recognition of selected types of 2D matrix codes in arbitrary
images. Partially damaged and perspective distorted 2D codes are also taken into account.
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1.1 Introduction to two-dimensional matrix codes
Traditional barcodes are one-dimensional (1D) and their size and capacity is often no longer
sufficient to store the necessary data. Therefore, they are gradually replaced by large-capacity
two-dimensional (2D) matrix codes, which allow storing considerably more information.
Two-dimensional matrix codes are a way how to efficiently store data that are machine
readable. Thanks to the great spread of smartphones, 2D matrix codes have found application
in many areas of life and industry.
In 1987, Intermec Corporation introduced the first high-capacity stacked barcode named
Code 49. The Code 49 structure consists of two to eight barcode symbols stacked on top of
each other.
In 1991, Symbol Technologies introduced a 2D code named PDF 417. In addition to common
text, also graphics and programming instructions could be encoded.
In 1994, Denso Wave developed a QR (Quick Response) code. The name Quick Response
refers to the development of code that focused on high-speed reading. The code has begun to
be used in the automotive industry (for tracking parts during vehicle assembly), but has
quickly spread to other areas.
The Data Matrix code was invented in 1994 by International Data Matrix, Inc. (ID Matrix).
The Aztec Code was invented in 1995 and published by AIM, Inc. in 1997.
2D matrix codes are today widely used in areas like industrial automation (labelling of materials, parts and products), intelligent logistics centers (package labelling), package tracking,
product life cycle management and quality control (automated tracking of products), warehouse management, retail sale (scanning items at cash register), healthcare (patient identification including they medical history), libraries (book identification), e-payments (payment
instructions), e-cards (contact information), advertising, marketing, tourism (links to websites
which contains more information about object on which 2D code is placed) etc. The rapid
development and massive use of mobile phones has still increased the significance of 2D
codes.
Traditional one-dimensional 1D barcodes can only store a limited amount of information,
roughly equivalent to 20–25 characters. 2D matrix codes can store much more information,
up to thousands of characters. While 1D barcodes encode information in only one direction,
usually as parallel black "bars" of different widths, alternating with white "spaces" of
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different widths, 2D matrix codes encode data in a matrix structure. Table 1 shows a
comparison of the properties of 1D barcodes and 2D matrix codes.
Table 1
Comparison of 1D barcodes and 2D matrix codes
1D barcode

2D matrix code

Examples

Code-128, EAN, UPC

Data Matrix, QR code, Aztec
code

Data
encoding

A sequence of differently wide
"bars" and the "spaces" between
them. Different combinations of
"bars" and "spaces" represent
different characters. EAN and
UPC codes use 2 "bars" and 2
"spaces" to encode one digit

Binary matrix (most often square),
formed by square elements
(modules), where the dark module
represents 1 and the light module 0

Capacity

EAN: 13 digits, UPC: 12 digits,
Code-128: for practical use max.
up to 40 alphanumeric characters

Thousands of alphanumeric
characters

Error
correction

Error detection only;
EAN, UPC: check digit ("sum"
mod 10),
Code-128: Σ position × value
mod 103

Reed-Solomon error correction
code.
By adding N symbols to the data it
can detect up to N erroneous symbols resp. locate and correct up to
N/2 symbols

Advantages

Price, tradition, wide support,
readability from a greater
distance (up to 10–15 m)

Data capacity
(thousands of characters),
small area,
omnidirectional readability,
error correction

Disadvantages

Data capacity (20–25 characters),
readability only in the "transverse" direction

Price of scanners

Scanners

Laser based (linear imager),
Long range
only 1D barcodes

Camera based (CCD imager)
1D barcodes and 2D matrix codes,
Direct Part Marking

Figure 2 shows the different types of 2D codes and Table 2 compares some of their
properties.
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Figure 2: Samples of different types of 2D codes
a) Code 49, b) PDF 417, c) QR code, d) Data Matrix, e) Aztec
Table 2
Comparison of different types of 2D codes
Invented

Structure

Data
capacity
(characters)

Error
correction

Code 49
PDF 417
1987
1991
Stacked linear codes

2–8 rows
with fixed
width

3–90 rows
readable by a
linear
scanner

64

1850

Check digits
(modulo)

Use
cases

QR code
1994

Data Matrix
1994
2D matrix

See Table 4

1852 (H),
4296 (L)

2335

Aztec
1995
data is
encoded in
concentric
square rings,
does not
require a
Quiet Zone
3067

Reed-Solomon error correction code
4 levels
(Low,
99 levels
8 levels
Medium,
1 level
(1 % – 99 %)
Quartile,
High)
driving
licenses,
flight and
flight tickets,
See Table 4
train tickets,
postage
logistics
stamps

1.2 Data Matrix Codes
The Data Matrix code contains several characteristic components (Figure 3), which allow to
distinguish a Data Matrix code among other objects in an image, and also to distinguish it
from other two-dimensional matrix codes. The Data Matrix code is composed of black (dark)
and white (light) squares called modules (or cells). One module represents one bit: usually
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black for the "1" and white for the "0". These modules are organized into rows and column
and form squared (mostly used) or rectangular Data Matrix code.

Figure 3: Data Matrix code (14×14 modules)
Data Matrix code is structured as follows:


Finder Pattern – consists of the two adjacent perpendicular solid lines, one module
wide (consisting of black modules only) on the outside of the Data Matrix code that
form an "L" shape. Finder Pattern is used by readers to determine the position, orientation, and distortion of a Data Matrix code.



Timing Pattern – is placed on the two opposite sides to Finder Pattern, where alternate black and white modules. Timing Pattern (Clock Pattern) is used to determine the
size of a module, the number of rows and columns, and possible distortion of code.



Quiet Zone – is a white area of width at least one module located around the Data
Matrix code (on all four sides of the symbol). Quiet Zone should not contain any
patterns or structures which can confuse readers.



Data – are encoded inside Data Matrix code and are protected by an error correction
carried out via a Reed-Solomon algorithm (allow restoration of damaged data). This
also means that a Data Matrix code can be partially damaged up to approx. 25 % and
can still be entirely read out.

The size of the Data Matrix code depends on the type of data (numeric, character, binary) and
the length of the data which should be encoded. For Data Matrix codes (ECC200) the size
can vary from 10×10 to 144×144 modules (only an even number of modules is used) and the
maximal data capacity is 3116 numbers (2 digits encoded in 1 byte), 2335 alphanumeric
characters (3 characters encoded in 2 bytes), or 1556 bytes (Table 3).
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Table 3
Data Matrix code capacities depending on its size and the type of stored data
Data Matrix Numeric Alpha-numeric Binary
code size
data
data
data
10 × 10
6
3
1
12 × 12
10
6
3
14 × 14
16
10
6
16 × 16
24
16
10
18 × 18
36
25
16
20 × 20
44
31
20
22 × 22
60
43
28
…
32 × 32
124
91
60
…
64 × 64
560
418
278
…
120 × 120
2100
1573
1048
…
144 × 144
3116
2335
1556

Number of
blocks
1
1
1
1
1
1
1
4
16
36
36

If a size of a code is more than 26×26 modules, it is divided in blocks (Figure 4). The number
of blocks, that depends on the dimensions of the Data Matrix code, can be 4, 16 or 36. This
structure prevents deformation of the code while maintaining the characteristic outer boundaries (Finder Pattern and Timing Pattern) of the code.
Since the minimal size of Data Matrix is the smallest one among various barcode types, it is
especially suitable for marking small items.
Data Matrix codes are standardized by an international organization (ISO) and can be used
free of any licensing or royalties.

Figure 4: Structure of a bigger Data Matrix code 36×36 modules with 4 blocks
8
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1.3 QR Codes
QR (quick response) Code was invented in 1994 by Denso Wave for the automotive industry
in Japan (Denso Wave Incorporated 2018a), but nowadays has much wider usage. QR codes
belong to a group of 2D matrix codes (similarly the Data Matrix codes). Traditional QR code
(QR code Model 1 and Model 2) has a square shape and on its three corners are typical
square-shaped patterns – Finder Patterns (FP), which are used to locate the code and to determine its dimensions and rotation (Figure 5).

Figure 5: QR Code (Version 2: 25×25 modules)
QR Code is structured as follows:


Module – the smallest building element of a QR Code represented by a small dark or
light square. One module represents one bit: usually, dark module for the "1" and light
module for the "0". Modules are organized into rows and columns and form squared
matrix.



Finder Patterns – also called position detection patterns, these are localized in three
corners of a QR Code. Each Finder Pattern is formed by an inner dark square (of size
3 × 3 modules) surrounded by a dark frame (of size 7 × 7 modules). Finder Patterns
are separated from the rest of a QR Code by a light area of width one module. Finder
Patterns are used by readers to determine position and orientation of a QR Code.
A shape of the Finder Pattern was deliberately chosen by the authors of the QR code,
because "it was the pattern least likely to appear on various business forms and the
like" (Denso Wave Incorporated 2018a). They found out that dark and light areas that
alternate in a 1:1:3:1:1 ratio (Figure 29) are the least common on printed materials.



Timing Patterns – these are placed inside a QR Code and interconnect finder
patterns. Timing patterns are formed by sequence of alternating dark and light
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modules. The timing pattern is used to determine the size of a module, the number of
rows and columns, and possible distortion of a code.


Alignment Patterns – there may be none or more alignment patterns according to
a version of a QR Code (QR Code version 1 has no alignment pattern). They allow
the scanning device to determine the possible perspective distortion of the QR Code
image (Figure 6).



Format Information – this contains additional information such as used error correction level (4 options) or a mask patterns number (7 options), which are required for
decoding a QR Code.



Quiet Zone – this is a white area of width at least four modules located around a QR
Code (in practice, the width is often less than four modules as required by the
standard). The quiet zone should not contain any patterns or structures which can
confuse readers.



Data – they are encoded inside a QR Code and are protected by an error correction
carried out via a Reed–Solomon algorithm (allows restoration of damaged data). This
also means that a QR Code can be partially damaged and can still be entirely read out.
QR Codes provide four user selectable levels of error correction: L (Low),
M (Medium), Q (Quartile), and H (High). It means that up to approximately 7 %,
15 %, 25 %, and 30 % of the code words, which are damaged, can be restored (Denso
Wave Incorporated 2018b). Increasing the level of error correction reduces the
available data capacity of a QR Code.

a) Version 1: 21 × 21

b) Version 4: 33 × 33

c) Version 8: 49 × 49

no Alignment Patterns

1 Alignment Pattern

6 Alignment Patterns

Figure 6: The number of Alignment Patterns depends on the version of a QR code
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QR Codes are available in 40 different versions (version 1 represents a QR Code with
21 × 21 modules and version 40 represents QR Code with 177 × 177 modules; the relation
between size and version can be expressed as: Size = 21 + (Version − 1) × 4).
Each QR Code version has the maximum data capacity according to the data type and error
correction level (Table 4). For example, there is capacity of 10 alphanumeric (alt.
17 numeric) characters in a QR Code of minimal version 1 (size 21 × 21 modules), and
capacity up to 1852 alphanumeric (alt. 3057 numeric) characters in maximal version 40 (size
177 × 177 modules) at highest error correction level (Denso Wave Incorporated 2018b). QR
Codes are able to encode numeric (10 bits per 3 digits), alphanumeric (11 bits per
2 characters), Kanji characters (13 bits per character) and also binary data (8 bits per byte).
Table 4
QR Code capacities depending on its size, error correction level and the type of stored data

Version

Size

Numeric
data

1
2
3
4
…
40

21 × 21
25 × 25
29 × 29
33 × 33
…
177 × 177

41
77
127
187

L – Low
Alphanumeric
data
25
47
77
114

7089

4296

Binary
data

Numeric
data

17
32
53
78

17
34
58
82

H – High
Alphanumeric
data
10
20
35
50

2953

3057

1852

Binary
data
7
14
24
34
1273

QR Codes are standardized by an international organization (ISO) and it can be used free of
any licensing or royalties.
In addition to the traditional QR Code Models 1 and 2, there are also other variants like
MicroQR Code or iQR Code. MicroQR Code is a smaller version of the QR Code standard
for applications where symbol size is limited (it has only one Finder Pattern and limited data
capacity up to 35 numerals). iQR Code may hold more information than traditional QR Code
and also supports rectangular shapes (Figure 7).

Figure 7: Other types of QR Code
a) MicroQR Code, b) iQR Code
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1.4 Comparison of Data Matrix and QR Codes
Table 5 summarizes and compares the properties of the Data Matrix and QR codes. Both
types utilize properties like Finder Patterns – to determine the position and rotation of a code,
Timing Patterns – to determine the size of a module, the number of rows and columns, or
error correction – to read and decode also partially damaged code.
Table 5
Comparison of Data Matrix and QR codes
Data Matrix

QR (Quick Response) Code

History

1994, International Data Matrix, Inc.
(I.D. Matrix)
RVSI Acuity CiMatrix,
2005, Siemens Energy & Automation,
Inc,
2008, Microscan Systems

1994, Denso Wave
(Japan, automotive)

Shape

square

square

but also rectangular
variant iQR code:

variant microQR code:

Finder
Pattern

"L"

Timing
Pattern

Data
encoding

Text (mode C40, Ascii), encodes
3 characters to 2 bytes
Binary (mode Base256), encodes 1:1
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Numeric, Alphanumeric, Byte, Kanji

Introduction
Size

from 10×10 to 144×144 modules
(step +2)

from 21×21 to 177×177 modules
(step +4)
Micro QR code: 11×11, 13×13,
15×15, 17×17

Error
correction

ECC200: Reed-Solomon, 25–30 %
damage

Reed-Solomon, 4 user selectable error
recovery levels:
L (Low) – 7 %, M (Medium) – 15 %,
Q (Quartile) – 25 %, H (High) – 30 %
damage

Max.
capacity

3116 numeric or 2335 alphanumeric
characters or 1556 bytes

numeric: 7089 at L, 3057 at H
alphanumeric: 4296 at L, 1852 at H
binary data: 2953 at L, 1273 at H

ISO

ECC200, ISO/IEC 16022:2000 and
ISO/IEC 24720:2006

ISO/IEC 18004:2000, ISO/IEC
18004:2006, ISO/IEC 18004:2015

License

public domain

public domain

Use
cases

Small items (electronic),
DPM (Direct Part Marking),
packaging in the pharmaceutical
industry

posters (advertising) URL encoding,
metadata for objects,
robot navigation,
payment instructions, authentication,
marking, sorting and tracing of goods
in distribution systems,
identification of patients in hospitals

1.5 Aztec codes
The Aztec code was invented by A. Longacre, Jr. and R. Hussey in 1995. The Aztec codes
belong to a group of 2D matrix codes (similarly the Data Matrix and QR codes). Aztec codes
are square shaped and made up of square modules, with a square bulls-eye finder pattern at
their centre (Figure 8).

Figure 8: Compact Aztec Code (19×19 modules)
Aztec code is structured as follows:


Finder Pattern – is positioned at the centre of the Aztec code.
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Orientation marks – placed at the four corners of the finder pattern. Decoding starts
in a corner with three dark modules, continues in a clockwise direction to a corner
with two dark modules, up to a corner with no dark module.



Mode message – The mode message encodes the number of layers and the number of
data codewords in the message.



Data – they are encoded in concentric square rings around the bulls-eye finder
pattern. Aztec codes provide user selectable percentages of Reed–Solomon error
correction. The maximum data capacity is up to 3067 alphanumeric characters (5 bits
per character), 3832 numeric digits (4 bits per digit), or 1914 bytes (8 bits per byte) of
data.

Aztec codes are standardized by an international standard organization (ISO 2008) and can be
used free of any licensing or royalties.
(Note: This monograph does not discuss Aztec codes. Information about Aztec codes is provided for completeness only.)
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2 Analysis of existing methods
Various approaches to Data Matrix and QR code recognition have been published in the past.
They can be divided into several groups (their combinations often appear in specific implementations):
1. Finder Pattern based localization methods are based on the assumption that the
Finder Pattern of a 2D matrix code clearly distinguishes it from other objects in the
image. The identification/localization of this typical Finder Pattern is then actually the
identification/localization of the 2D code.
2. Local features with region growing based localization methods extract specific
features from an image under a floating window (or a candidate region) and these
features are checked against sample features. The regions of an image, which are
classified as 2D code candidate regions, are merged into larger ones. Local features
may be constructed from the window histogram or from HOG (histogram of oriented
gradients), angles of two main gradient directions, a number of edge pixels and an
estimation of probability score of a chessboard-like structure.
3. Connected components based localization methods attempts to detect a 2D Code as
a whole. They are usually based on the fact that a 2D Code consists of many small
dark squares which are relatively close to each other. Usually, morphological erosion
and dilation are applied to connect these small squares into one monolithic object and
remove small objects.
4. Machine learning based localization methods such as artificial neural networks
(ANN) or support vector machines (SVM) are commonly used. A lot of 2D code samples must be used to train these classifiers.
Table 6 provides an overview of some published methods with a brief description of their
basic algorithms. Subsequently, some methods are analyzed in more detail.
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(Huang et
al. 2012)

DMX 1, 3 The proposed method mainly involves three stages. It first extracts candidate regions that may contain a Data Matrix code by edge detection, morphological processing (dilate and open operation)
and then locates the Data Matrix code roughly by
detecting the "L" finder pattern (Line Segment
Detector + combining the appropriate line segments) and the dashed border on the candidate
regions. Finally, the lines fitted with the border
points are used as the borders of the Data Matrix
code.
(Liu et al. DMX 2, 3 The bar code detection algorithm is based on
2012)
regional feature analysis and positioning by the
line Snake algorithm. Firstly, the main region,
which contains "L" barcode border is selected by
analyzing the features of each region (connected
regions in the binary image are marked, then the
colour, geometric feature (aspect ratio + black to
white pixel ratio), gradient feature and regional
"L-type" edge feature in each connected region
are analyzed). Secondly, the barcode border is
located by using the line Snake algorithm, and the
four vertices of the barcode are fitted.
(Cho et al. DMX, 2 Region candidates are detected by the selective
2018)
QR
search method (hierarchical grouping of similar
regions based on colour, texture, size, and shape
information). Visual features of the selected
candidate regions are extracted by the LBP (Local
Binary Patterns) and HOG (Histogram of
Oriented
Gradients)
methods.
To
gain
discriminant power for classification, SVM is
used at the end of the procedure. The final
detection region is determined by a weighted
sum-based score fusion method.
(Sörös and DMX, 2 A combined 1D and 2D barcode localization algoFlörkemeier QR
rithm that addresses orientation, scale, and sym2013)
bology invariance and is also more robust to blur
than previous methods. Areas with a high concentration of edge structures as well as areas with a
high concentration of corner structures are
searched.
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L

Test data set,
Recognition
rate

Method description

Location/
Decoding

Group of
methods

Reference

Type of 2D
code

Table 6
An overview of some published Data Matrix and QR code recognition methods

4 test
images
752×480,
100 ms /
image

L

100 test
images,
97 %

L

10304
train
images,
1298 test
images,
98 %

L

400+120
test
images,
42.6 % +
81 %

Analysis of existing methods
(Lin and
Fuh 2013)

QR

1

(Li et al.
2018)

QR

1

(LopezRincon et
al. 2017)

QR

1

The decoding steps consist of image binarization, D? 178 test
QR code extraction, perspective transformation,
images,
and error correction. A modified local threshold
algorithm is used to efficiently resolve the non90 %
uniform background and uneven light problems.
Finder Patterns are used efficiently and accurately
in QR code extraction to locate the QR code position. After locating the QR code positionm a distorted image is restored through perspective transformation and resampling.
The proposed method of QR code localization is L
100 test
based on run-length coding. Firstly, the minimum
images
region containing a position detection pattern
(PDP) in a QR code is detected. Second,
coordinates of the central PDP in QR code are
calculated by using run-length coding. The
highlight of this step is the calculation, which
utilises modified Knuth–Morris–Pratt (KMP)
algorithm. Detection steps consist of: Conversion
from RBG image to grayscale image, binarization
using the Otsu method, connected component
labelling in binary image, compressing the
sampling row with run-length coding, checking
for five specific runs, establishment of a minimal
region containing PDP, computing the central
coordinate of PDP in QR code with KMP.
The proposed solution consists of the generation L 200+ test
of regions called binary large objects (BLOBs) of
images,
8 connected pixels. Then BLOB iterative filtering
is applied to remove those regions that are not
80 –
geometrically similar to Position Detection
100 %
Patterns (PDP) into Separators for Position
Detection Patterns (SPDP) of standard QR code.
The proposed approach is described in four steps.
In the first step, an input image is rescaled to
640 × 480 px,
binarized
using
adaptive
thresholding, and connected regions (BLOBs) are
marked. Blobs are filtered according to density
(the number of pixels in the BLOB to the area of
the BLOBs bounding box) and aspect ratio (the
width to the height of the BLOBs bounding box).
In the second step, groups of BLOBs with similar
positions of their centroids are selected (which
corresponds to the situation that the smaller
BLOB lies inside the bigger BLOB). In the third
step, such groups of BLOBs are selected, where
the small BLOB is surrounded by one or more
BLOBs of bigger size. In the fourth step, only
three PDP BLOBs are selected according to their
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(Belussi
and Hirata
2013)

(Bodnár
and Nyúl
2015)

(Tribak and
Zaz 2017a)

QR

QR

QR

sizes compared to the mean size, max size, and
min size of sizes of all PDP BLOBs (the proposed
approach has not been designed for detection of
multiple codes).
1, 2, A two-stage detection approach is proposed. In L
4 the first stage, a Finder Pattern (located at the
three corners of a QR code) is detected using
a cascaded classifier trained according to the rapid
object detection method (Viola–Jones framework
which uses Haar-like features (originally designed
for face detection)). Features are extracted from
sub-images under a sliding window. The value of
a feature for each sample is the sum of the pixel
values in the white rectangle area subtracted from
the corresponding summation in the black rectangle area (Haar-like feature values are efficiently
computed using the integral image). In the second
stage geometrical restrictions (size, distance and
angle restrictions) among detected components
are verified to decide whether subsets of three of
them correspond to the same QR code or not.
1, 4 The Finder Pattern candidate localization is based L
on a cascade of boosted weak classifiers using
Haar-like features, while the decision on a Finder
Pattern candidate to be kept or dropped is decided
by a geometrical constraint on distances and
angles with respect to other probable Finder
Patterns. In addition to Haar-like features, local
binary patterns (LBP), and histogram of oriented
gradients (HOG) based classifiers are used and
trained to Finder Patterns and whole code areas as
well. Finder Pattern candidates identified by
classifiers are verified using scan-line analysis
(rule 1:1:3:1:1 is checked in 0, 45, 90, 135°)
1 The proposed QR code recognition system starts L?
first with the input image segmentation based on
an achromatic filter (assuming that a QR code is
characterized by black and white colours). This
segmentation aims at extracting the candidate
regions of interest (ROI) which may contain QR
codes. Afterwards, the extracted ROIs are
binarized and scanned horizontally and vertically
in order to localize the candidate QR code
patterns within the resulting ROIs (ratios
1:1:3:1:1 for Finder Patterns and 1:1:1:1:1 for
Alignment Patterns). The extracted patterns are
then filtered (to remove falsely detected patterns)
by means of the Principal Components Analysis
(PCA) accompanied with the Euclidian similarity
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4000
train
samples,
135 test
images,
90.4 %

10000
train
images,
76 –
99 %

96 %

Analysis of existing methods

(Tribak and
Zaz 2017b)

QR

(Sun et al.
2007)

QR

(Ciążyński
and Fabijańska
2015)

QR

1

2

measurement. Therefore, the QR code
localizations are launched by assembling the
remaining patterns into groups. Each group
(compounded exclusively by three FPs and at
least one AP) allows localizing a QR code.
Finally, the obtained QR codes are assessed and
rectified in the case of structural deformations.
The proposed system starts first by selecting the L? Hundreds
image with the best quality, by eliminating all
train
blurred images. Afterwards, the regions of interest
images
are selected using an efficient achromatic filter
(assuming that a QR code is characterized by
?%
black and white colours). The obtained regions
are then scanned horizontally and vertically in
order to find the emplacement of the QR code
patterns (i.e. Finder and Alignment patterns),
which are distinguished by well-defined ratios
(1:1:3:1:1 and 1:1:1:1:1). It should be noted that
the evoked scan result is still unreliable due to the
occurrence of false positives. In this regard, the
Hu invariant moments descriptor combined with
Euclidian similarity measurement is used to
remove all falsely detected patterns (the matrix of
training Hu moments is compared to extracted Hu
moments). Once done, QR codes locations are
found by adequately grouping together each
corresponding three FPs with their corresponding
APs.
The proposed algorithm is based on searching the
area of the QR code by detecting its four corners.
Canny edge detection is combined with contour
finding algorithms. The two tangents are used to
approximate the bottom-right corner.
The proposed region-based localization method is L
50
based on histogram correlation between
sample
a reference sample image of a QR code and
images,
a block of input image (the input image is divided
into regular blocks (a size about 30×30 was
82 %
used)). Firstly, an input image is converted to
a grayscale image (as colour information does not
provide significant additional information useful
for QR code recognition) and intensity
normalization is applied. Next, the image is
processed block by block, and a correlation
between the histogram of the sample QR code and
the histogram of each individual block is
computed. The block for which the correlation
value is lower than the empirically determined
threshold is rejected. In addition, each block is
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checked whether both bright and dark pixels take
more than 15 % of all the pixels included in
a block. Then candidate blocks are joined into
regions and morphological erosion (to remove
small regions) and dilation (to restore the original
QR code region) are applied. In some cases, text
was incorrectly marked as a QR code.
(Gaur and
QR
3 The proposed approach uses gray scale
Tiwari
conversion, Canny edge detection followed by
2014a)
morphological dilation (a square shaped 11×11
structure element) and erosion to connect broken
edges in a QR code into a bigger connected
component. It is expected that the QR code is the
biggest connected component in the image.
Connected components that have an area of less
than half the size of the largest connected
component are eliminated. The remaining falsepositive objects are removed on the basis of their
size and proportions.
(Gaur and
QR 2, 4 The proposed method is based on feature extracTiwari
tion and neural network. Statistical features
2014b)
(mean, standard deviation, smoothness, skewness,
energy, and entropy) are extracted from image
blocks (80×70 non-overlapping). A neural network is trained using image blocks with (positive
samples) and without (negative samples) barcode
regions (a total of 560 blocks from 10 images).
A bounding box is formed around positive classified blocks.
(Szentan- DMX, 2 The proposed detection method is based on
drási et al.
QR
Histogram of Oriented Gradients (HOG) and
2012)
exploits the fact that 2D codes have a regular
distribution of edge gradients. The input image is
divided into a regular grid of tiles. For each point,
the gradient′s – magnitude and orientation are
computed. For each tile (sub-image), HOG (with
12 bins) is extracted from points whose
magnitude is above the threshold. Two dominant
edge orientations from HOG are identified (they
must be about 90° apart). In addition to the HOG,
a feature vector for each tile is computed. It
contains: the normalized histogram, the angles of
two dominant edge orientations, the number of
edge points per unit area, and the estimation of
the probability of a chessboard-like structure.
Adjacent (4-connected) tiles are joined into
connected components and a probability score,
that the component is a QR code, is computed.
Because tile size affects localization, the image is
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D

50 test
images,
73.3 –
98 %

D

40+ test
images,
70 –
96.7 %

D

115 test
images,
70.1 %
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(Kong
2013)

(Katona et
al. 2020)

(Hansen et
al. 2017)

QR

QR,
1D

QR,
1D

processed at multiple levels (scales). At the next
level, the already calculated histograms from the
lower level are used.
2, 3 The algorithm combines Harris corner detection
with a convex hull algorithm. A quadrilateral
outline of a QR code as well as its four vertex
coordinates is obtained. Firstly, an input image is
binarized using the local thresholding method
(Sauvola) and filtered by mathematical
morphology. Then the Harris corner detector is
used to obtain all corners of a QR code image.
Next, the outer outline of the QR code corners is
found using a convex hull algorithm, and the four
apexes of the QR code are determined. These four
apexes of the quadrilateral are used to setup
perspective transformation coefficients and to
restore geometrically distorted QR code.
2, 3 The QR code localization method utilizes
template matching. In order to highlight the
barcode areas, the standard deviation based
adaptive filtering method with 3×3 neighborhood
is used. Subsequently, density (the number of
object/foreground points) under 7×7 windows is
calculated. Regions where the density value is
under half of the kernel size are removed. To
remove false small regions and then merge the
connected regions, a morphological opening is
applied. The image obtained in the previous step
is binarized with a threshold value of 7/8th of the
maximum intensity. In the last step, the code
segments are validated by template matching. The
template matching process takes place in the
frequency
domain
using
Fast
Fourier
Transformation.
4 The described method adapts the deep learningbased object detector of You Only Look Once
(YOLO) for the purpose of detecting barcodes.
An input image (416×416) is fed through the
YOLO detection system, which produces a number of detections depending on the number of
barcodes in the image. Each of these barcodes is
then put through the Angle prediction network,
which predicts a rotation, and the predicted rotation is then used to rotate the image before it is
tried decoded by a decoding framework (ZXing,
ZBar). The Darknet19 network structure is used
by the YOLO detection and also by the angle prediction.
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D

204 test
images,
87.9 %

L

410 +
400 test
images,
81–83 %

D

2757 test
QR
codes,
80.7 %

Analysis of existing methods
(Zharkov
and
Zagaynov
2019)

2D,
1D

4

Deep learning detector based on semantic
segmentation approach. Pixels are classified
either as part of a barcode (1) or background (0).
The network architecture is based on dilated and
separable convolution and is divided into three
blocks: Downscale Module, Context Module, and
Final Layer. Superpixels classified as barcode are
connected to components, and small connected
components are filtered out.

L

17000
train
images,
1700 test
images

(Note: most published methods deal with QR codes, and most published methods deal with
localization only. What is reported as a successfully localized code may not be a successfully
decoded code)
2.1 Detailed analysis of some selected methods
(Huang et al. 2012): The proposed method mainly involves three stages. It first extracts candidate regions that may contain a data matrix code by edge detection, morphological processing and then locates the data matrix code roughly by detecting the "L" finder pattern and
the dashed border on the candidate regions.
1. Candidate regions are identified using a Canny edge detector (without Gaussian filter)
and subsequent morphological dilatation (structure element square 4×4; fills Data Matrix code region but can also connect Data Matrix code and surrounding objects) and
morphological opening (structure element square 5×5; removes adhesions from the
previous step). Finally, small connected regions based on perimeter and areas are filtered out.
2. The Line Segment Detector algorithm (Grompone von Gioi et al. 2010) is utilized to
detect line segments. This algorithm defines a line segment as a region called linesupport region, which is a cluster of points in a connected region that sharing roughly
the same gradient orientation angle and whose gradient magnitude is greater than
a threshold. To get the line-support region, a region-grow algorithm is applied. The
points are processed sequentially from the highest magnitude to the lowest and are
merged into continuous regions if the difference between the angle of the added point
and the "average" angle of the region is less than 22.5°. The "L" finder pattern is then
detected as two line segments that form an angle of approximately 90° (from 60 to
120° for perspective distorted Data Matrix codes) and the length of the longer line
segment is a maximum of 5 times of the shorter one.

22

Analysis of existing methods
3. A dashed border is detected by scanning edge points in the direction paralleling to
"L". A border point is defined as the first edge point from outside to inside in the
direction perpendicular to the bar code′s border. The border line with the most edge
points is kept as the dashed border. Finally, a more precise Data Matrix code boundary
(on all 4 sides) is sought by minimizing the distance between the points of the ideal
line and the actual outer edge points of the Data Matrix code (using the RANSAC
algorithm).
(Sörös and Flörkemeier 2013): The proposed localization algorithm for 2D codes relies on
the fact that 2D codes have a black and white grid structure and also on information from the
HSV (hue, saturation, value) color channels. Two separate barcodeness maps from the structure matrix for 1D and 2D codes are derived.
𝐶𝑥𝑥
1. The structure matrix: 𝑀 = (
𝐶𝑦𝑥

𝐶𝑥𝑦
), is calculaded at every point. Cij are calculated
𝐶𝑦𝑦

using image derivates Ix, Iy over image patch D (D neighborhood size = 7) around
every point using window w: 𝐶ij = ∑(𝑥,𝑦)∈𝐷 𝑤(𝑥, 𝑦)𝐼𝑖 (𝑥, 𝑦)𝐼𝑗 (𝑥, 𝑦)
2. The measure m1 (which is strong at edge structures in any orientation) and the
2

measure m2 (which is strong at corners) are calculated: 𝑚1 =
𝑚2 =

2
(𝐶𝑥𝑥 −𝐶𝑦𝑦 ) +4𝐶𝑥𝑦
2

(𝐶𝑥𝑥 +𝐶𝑦𝑦 ) +𝜀

,

2 )
4(𝐶𝑥𝑥 𝐶𝑦𝑦 −𝐶𝑥𝑦
2

(𝐶𝑥𝑥 +𝐶𝑦𝑦 ) +𝜀

3. The two barcodeness maps are blurred by a block filter (of size 30 pixels) to connect
areas where there is high line density or high corner density.
4. The two box-filtered maps are linearly combined to get final barcode saliency maps s1
and s2. The resulting "barcodeness" images are thresholded and barcode borders are
found by tracing the binary image in four directions, starting from the pixel with
maximal strength.
5. All pixels with saturation in HSV color model above 0.25 are set to zero in both m1
and m2.
(Lin and Fuh 2013):
1. Binarization: Image is decomposed into a series of blocks, and for each block, a local
threshold T1 is calculated using Sauvola′s method (Sauvola and Pietikäinen 2000).
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A weighted average of a block′s threshold value and neighboring block thresholds is
used as the threshold T2 for binarization.
𝑇1 = 𝑚𝑒𝑎𝑛(𝑥, 𝑦) × [1 +

𝑠𝑡𝑑𝑑𝑒𝑣(𝑥,𝑦)
1250

1 1
1
], 𝑇2 = 10 [1 2
1 1

1
1] ∗ 𝑇1
1

2. Searching Finder Patterns: The binary image is scanned horizontally to find all points
matching the ratios 1:1:3:1:1. For each point matching the ratios, its vertical direction
is checked. Finally, all points in the image matching the ratios 1:1:3:1:1 both horizontally and vertically are collected. Points in the same finder pattern are merged.
3. Angle between the three points must be in pre-defined interval. Module size is estimated from the width of the finder pattern. QR code version is determined using the
estimated module size and the distance and the angle between top-left and top-right
finder pattern.
4. Searching Alignment Pattern: Three finder patterns are used to estimate an approximate position of alignment pattern. Connected components in a sub-image of the area
of the estimated alignment pattern are evaluated. The black component must be adjacent to the only white and it must be adjacent to the only black.
5. Perspective Transformation: centroids of three finder patterns and alignment pattern
are used to set-up perspective transformation.
(Szentandrási et al. 2012): The proposed algorithm detects possible occurrences (candidates) of 2D codes in high-resolution images through segmentation of image parts based on
Histogram of Oriented Gradients (HOG). The property of 2D codes, a regular distribution of
edge gradients, is exploited.
1. The input image is divided into a regular grid of tiles (each tile has the same width
and height). For each point, the gradient′s – magnitude and orientation are computed.
For each tile, HOG (with 12 bins) is extracted from points whose magnitude is above
the threshold. Two dominant bins in the histogram correspond to two dominant edge
orientations.
2. In addition to the HOG, a feature vector is computed for each tile. It contains: the
normalized histogram, the angles α1, α2 of two main gradient directions, the number of
edge points Nc (over a threshold) per unit area A, and the estimation of the probability
score p of a chessboard-like structure in the tile based on the histogram. The
probability score p is computed as:
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𝑝 = (1 −

||𝛼1 − 𝛼2 | − 𝜋⁄2| 2min(ℎ𝑎 , ℎ𝑏 )
)
𝜋⁄2
ℎ𝑎 + ℎ𝑏

where ha, hb are values in the histogram corresponding to the two main gradient directions α1, α2. It is expected that the two dominant gradient directions (α1, α2) are 90°
apart, and the peaks in the histogram (ha, hb) are roughly the same.
3. This feature vector is used for segmentation of tiles. Adjacent (4-connected) tiles are
joined into connected components (using the 2-pass algorithm). For segmentation are
used the first angle α1, probability score p, and the edge density Nc/A. A probability
score P(Si), that the component Si (set of connected tiles) is a QR code, is computed:
𝑃(𝑆𝑖 ) =

1
𝑁𝑐
∑𝑝
𝐴(𝑆𝑖 )
𝐴
𝜏∈𝑆𝑖

where p and Nc/A are the values from the feature vector from the tile τ.
4. Based on the computed score P(Si) and the shape of a set of tiles Si binary classifier
(P(Si) is greater than experimentally acquired threshold) is used to determine whether
a area covered by a given segment can be 2D code.
5. Because tile size affects localization, the image is processed at multiple levels
(scales). (Choosing too large tiles may result in the omission of small 2D codes.
Choosing too small tiles may result in only covering a small portion of a large 2D
code.) At the next level, the already calculated histograms from the lower level are
used.
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3 Methodology
2D codes – Data Matrix and QR Codes – have fixed parts (such as Finder Patterns and
Timing Patterns) and variable parts that differ according to the data that is encoded by a 2D
Code. The fixed parts are presented at the outer boundaries of the 2D codes, while the
variable parts are usually located inside.
The 2D code localization/recognition methods presented below can be divided into two
groups:
1. Finder Pattern based methods – locate/recognize 2D codes based on their typical fixed
patterns, the so-called Finder Patterns – Section 3.1 and 3.2.
2. Region based methods – locate/recognize 2D codes based on its irregular checkerboard-like structure (a 2D codes consists of many small light and dark squares which
alternate irregularly and are relatively close to each other) – Section 3.3.
The presented 2D code localization/recognition methods also share some common steps such
as:


Conversion to grayscale



Pre-processing (histogram equalization, contrast stretching, deblurring)



Binariation using adaptive thresholding



Perspective transformation

Before searching for a 2D codes, the original image is converted to a gray scale image using
Equation 1, because the color information does not bear any significant additional information that might help in 2D codes recognition. Conversion to gray scale also reduces the
amount of image data that needs to be processed and simplifies further image processing.
I

77 R  150G  29 B
256

(1)

where I stands for gray level and R,G,B for red, green, and blue color intensities of individual
pixels in the RGB model, respetively. This RGB to gray scale conversion is integer approximation of widely used luminance calculation as defined in recommendation ITU-R BT.601-7:

I  0.299R  0.587G  0.114B

(2)

(Note: in presented localization methods 2D code modules are assumed to be darker than
their surroundings. If this condition is not met, recognition must also be run for the inverted
grayscale image).
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The methods presented in sections 3.1 and 3.2 are Finder Pattern based methods – they use
for the localization of 2D codes in the image their typical localization elements, so-called
Finder Patterns. The method presented in section 3.3 is region-based.
(Note: Tolerances, thresholds, limits in the presented methods were determined experimentally from the used test data sets).
3.1 Data Matrix Codes – Finder Pattern based localization methods
In the following sections, we will give an overview of several methods for localization Data
Matrix codes in images which all utilize a typical "L" shaped Finder Pattern. The individual
steps of the Data Matrix code localization algorithms are schematically shown in Figure 9
(some steps are common to different algorithms/methods).
Finder Pattern localization is based on the assumption that the Finder Pattern area is darker
than its surroundings and therefore can be segmented based on the gray intensity. Two basic
image processing techniques are utilized:


Edge detection (see section 3.1.1)



Adaptive thresholding (see section 3.1.2)

Figure 9: The flow chart of the proposed algorithms
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The procedures described in sections 3.1.3–3.1.6 are common and follow up the procedures
described in sections 3.1.1 and 3.1.2.
3.1.1 Edge Detection Methods (Method Group 1)
The edges in the image arise in places where the intensity of the image function changes and
therefore strong edges can be expected between the background and the Finder Pattern – "L".
An input grayscale image is convolved using a 3 × 3 Sobel operator (Sobel and Feldman
1968). The Sobel operator approximates the first derivates of the image function and uses two
kernels to approximate horizontal Gx and vertical Gy derivate at each point in the input image
I (Equation 3).
  1 0  1
 1  2  1


Gx    2 0  2  I G y   0
0
0   I

  1 0  1
 1  2  1
,

(3)

where Gx, Gy are images approximating horizontal and vertical derivates, respectively, and I
is an input grayscale image.
Using these gradient images, the gradient magnitude image M (Figure 10b) and the gradient
orientation image A (Figure 10c) are computed (Equation 4). If an input grayscale image I has
dimensions W × H, then also the image of magnitudes M and the image of angles A will have
dimensions W × H. In Figure 10 is shown an input grayscale image I, an edge image of
magnitudes M (white points are places with the largest intensity change – strongest edges)
and an image of angles A (points lying on a linear edge have the same gradient orientation –
angle).
M  G x2  G y2

,

 Gy
A  arctan
 Gx





(4)

A gradient orientation is perpendicular to a direction of the edge.

Figure 10: a) grayscale image; b) gradient magnitude image; c) gradient orientation image
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3.1.1.1 Connecting of Edge Points into Continuous Regions (Alternative 1)
A modified 2-pass connected component labeling algorithm (Rosenfeld and Pfaltz 1966) is
applied to the gradient images. Edge points that meet all of the following conditions are
joined into continuous regions:


Gradient magnitude of edge point (in the gradient magnitude image M) must be above
fixed threshold 90 (weak edges caused by noise are ignored);



Gradient orientation of edge point (in the gradient orientation image A) must not differ
by more than 22 degrees from the average angle of the region (i.e., the average of gradient orientations of edge points that have been joined into the given region so far);



The intensity of at least one neighboring point in the grayscale image I is under fixed
value 110 (Data Matrix code must be an object dark enough in an image).

A region descriptor is maintained for each continuous region (BLOB). As the individual edge
points (at coordinates x, y) are added to the given continuous region, the region descriptor is
updated as follows:


Area ← Area + 1 (M00 ← M00 + 1);



An outer bounding box: Top, Right, Bottom and Left;



A sum of gradient orientations (angles): Angles ← Angles + A (x, y);



Region moments: M10 ← M10 + x, M01 ← M01 + y, M11 ← M11 + x × y,
M20 ← M20 + x × x, M02 ← M02 + y × y.

After all the regions are labeled (Figure 11a), the region moments are used to compute the
region centroid C and the region orientation Θ (Equation 5); region orientation is the angle
between the x-axis and the major axis of the region).
M
M 
C   10 , 01   C x , C y 
,
 M 00 M 00 



 211  1
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Figure 11: a) colored continuous regions; b) c) significant linear regions
The modification of 2-pass connected component labeling algorithm consists of:


Adding an intermediate step, where also nearby (their distance is at most 2 points)
distinct regions of a similar direction (their difference in angles is at most 7.5 degrees)
are marked as equivalent (Figure 12a; this situation can occur with synthetic Data
Matrix codes, where there are "sharp stairs");



Adding a finalization step, where distinct regions which have end-points that are at
most three points apart and the angle Θ (Equation 5) of regions differs by less than
five degrees and the major axis of one region is not more than 1.5 points away from
the centroid C (Equation 5) of the other region are joined (Figure 12b; this situation
can occur when there are "bumpy edges").

Figure 12: a) "sharp stairs"; b) "bumpy edges"
Evaluation of connected regions—filtering out non-linear regions.
Region descriptors are evaluated and small regions with an area of less than 40 points are
filtered out first. For the remaining regions, it is verified whether it is possible to put a line
passing through the region′s centroid C at an angle Θ (Equation 5) and having at least 90 %
of the points in common with the region and whether the length of this line segment is at least
20 points (Figure 11b). The common points of the line and the region form the axis of the
region with the two end-points.
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Searching for Finder Pattern candidates—two adjacent perpendicular linear regions.
Region descriptors are scanned to find pairs of regions perpendicular to each other (the
difference between the right angle and the differences of the region angles Θ is less than five
degrees; if perspective distorted Data Matrix codes must be considered, the tolerance must be
increased accordingly), the distance of the regions end-points is less than five points and their
length does not differ by more than 10 % Figure 11c). The intersection of the axes of the
regions is the vertex (PB) of the Finder Pattern.
Processing continues in Section 3.1.3.
3.1.1.2 Connecting of Edge Points into Continuous Regions (Alternative 2)
The connected component labeling algorithm (Rosenfeld and Pfaltz 1966) is applied to the
edge (magnitude) image M (Figure 13b) obtained in the edge detection step (3.1.1; in contrast
to the previous alternative 3.1.1.1, the orientation of the edges—gradient orientation image
A—is not taken into account). A region descriptor is maintained for each continuous region
(BLOB). As the individual edge points are added to the given continuous region, it is updated
as follows:


Area ← Area + 1;



(x, y) coordinates of the added point are used to update 8 boundary points: Top-Left,
Top-Right, Right-Top, Right-Bottom, Bottom-Right, Bottom-Left, Left-Bottom, LeftTop.

Only the edge points that have a magnitude that is above a specified threshold are considered.
The threshold was experimentally set to 70 to ensure that weak edges are ignored. It is
assumed that the weak edges are the result of noise in the image and are not the outer edges
of the Finder Pattern.
3.1.1.3 Evaluation of Finder Pattern Candidates
Region descriptors computed during the connected component labeling phase are used to
filter out regions that cannot represent the outer edges of the Finder Pattern. The candidate
region must have a minimum area and such three boundary points (out of 8 boundary points;
Figure 13c) which form an isosceles right-angled triangle. This procedure is described in
detail in Section 3.1.2.3.
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Figure 13: a) grayscale image; b) edge image (magnitudes); c) colored continuous edge
regions
3.1.1.4 Validating of Finder Pattern Candidates and Aligning to Finder Pattern
A Finder Pattern candidate region is described by three vertices—boundary points—PA, PB,
and PC, which form an isosceles right-angled triangle (Figure 14a; some tolerances must be
taken into account with respect to possible geometric deformations of a Data Matrix code).
However, the initial position of the line segments PA-PB and PB-PC may not be optimal.

Figure 14: Aligning to Finder Pattern
a) three vertices (PA-PB-PC) of an isosceles right-angled triangle; b) optimize position of the
line segments using region moments
Minimizing the distance of the boundary line points to the candidate region points.
The optimal position of the boundary line PA-PB can be defined as such, where the moment of
inertia of the candidate region points is minimal, where line PA-PB is an axis of rotation.
1. Start with an initial estimate of the boundary line PA-PB and the five points wide
region of interest along the PA-PB boundary line (Figure 14b);
2. Calculate centroid C and gradient k of optimized boundary line y using raw and
central statistical moments (when calculating the moments, take into account only the
candidate region points which are in the region of interest):
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,
3. Shift the end-points PA and PB of the boundary line using optimized line parameters k
2

and q. If the orientation of the line y is vertical (|k| > 1) then use y-coordinates of the
end-points PA and PB to update their x-coordinates (Px = (Py − q)/k), otherwise use
x-coordinates to update their y-coordinates (Py = Px × k + q). Narrow the width of the
region of interest by 1 point and repeat step 2;
4. Check if there is at least a 90 % overlap of boundary line PA-PB and the candidate region. If sufficient overlap is not found, the candidate region is rejected.
Apply the same procedure for the line segment PB-PC.
Processing continues in Section 3.1.3.
3.1.2 Adaptive Thresholding Methods (Method Group 2)
3.1.2.1 Binarization Using Adaptive Thresholding
Based on the assumption that the Data Matrix code is a darker object relative to its immediate
surroundings, the adaptive thresholding technique is used. The expected result is that the
points belonging to the dark modules become foreground points and the points belonging to
the light modules become background points (Figure 15b). Adaptive thresholding techniques
are able to distinguish dark and light points even when the image is unevenly illuminated. For
each point in the image, an individual threshold T(x, y) is calculated, which is based on the
intensity values of the points around it. In addition to the local mean m(x, y) (Equation 7),
local variance s2(x, y) (Equations 8 and 9) is often used (Niblack 1986, Sauvola and
Pietikäinen 2000, Bradley and Roth 2007).

T ( x, y)  m( x, y)  delta
m( x , y ) 

1 xw 2 yw 2
  I (i, j )
w2 i  x  w 2 j  y  w 2

(7)

T ( x, y)  m( x, y)  ks( x, y)
s 2 ( x, y ) 

1 xw 2 yw 2
I (i, j ) 2  m( x, y ) 2

2 
w i xw 2 j yw 2
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T ( x, y )  m( x, y ) 1  k 
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where w is a side of the local window with the center at (x, y) and k is constant. The size of
the local window must correspond to the expected maximum module sizes (it should be at
least five times greater; in our experiments, we worked with windows size 35 points).
Besides these well-known adaptive thresholding techniques, we also introduced our own
(Equation 10), which provided slightly better results in our test dataset:

I ( x, y ) s 2 ( x, y )
T ( x, y )  m( x, y ) 

k1
k2

(10)

where k1 is a constant controlling penalization of light points (Data Matrix code is assumed to
be a dark object in the image, so the lighter the point is, the less likely it is to be a point belonging to the Data Matrix code), k2 is a constant controlling decreasing of the local threshold
for points in which neighborhood intensity significantly varies (in our experiments k1 was set
to 10 and k2 to 120). This technique can be effectively implemented using pre-computed integral sum images I (x, y) and s2 (x, y), it works with integer arithmetic and it does not require
the calculation of the square root for each point.
3.1.2.2 Connecting Foreground Points into Continuous Regions
The connected component labeling algorithm (Rosenfeld and Pfaltz 1966) is applied to the
binary image obtained in the previous step. A region descriptor is maintained for each
continuous region (BLOB). As the individual foreground points are added to the given
continuous region, it is updated as follows:


Area ← Area + 1;



(x, y) coordinates of the added point are used to update 8 boundary points: Top-Left,
Top-Right, Right-Top, Right-Bottom, Bottom-Right, Bottom-Left, Left-Bottom, LeftTop.

The result of the labeling algorithm is an image of the labels (each continuous region is
assigned its number; Figure 15c) and at the same time each region is described by an area
(number of foreground points) and a bounding octagon (defined by 8 boundary points).
(Note that this is the same procedure as in Section 3.1.1.2 with the difference that here the
foreground points from the binary image are connected, while in Section 3.1.1.2 the edge
points were connected).

34

Methodology

Figure 15: a) grayscale image; b) binarized image; c) colored continuous regions
3.1.2.3 Evaluation of Finder Pattern Candidates
Region descriptors computed during the connected component labeling phase are used to
filter out regions that cannot represent part of the Data Matrix code (including Finder
Pattern). Considering that the Data Matrix code has a square shape, the area descriptors must
meet the following conditions:


Area of the region must be greater than 80 points (removes small areas, which cannot
be Finder Pattern part of the Data Matrix code);



Aspect Ratio (width to height ratio) of the region must be in the interval <0.5; 2>;



Extent (ratio of the area of the region to the area of the outer bounding box) must be
in the interval (0.1; 0.6).

These quick checks remove false-positive candidates (Figure 16a) but are not sufficient to
identify true Data Matrix Finder Pattern candidates, so additional filtering is required.

Figure 16: Data Matrix Finder Pattern candidates
a) suppression of unfitting regions; b) 8 boundary points of region;
c) 3 vertices of a right triangle
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Each candidate region is also described by 8 boundary points (Figure 16b) denoted as TL
(Top-Left), TR (Top-Right), RT (Right-Top), RB (Right-Bottom), BR (Bottom-Right), BL
(Bottom-Left), LB (Left-Bottom), LT (Left-Top). If the candidate region should be a Finder
Pattern, then at least three points must form the vertices of an isosceles right-angled triangle
(Figure 16c). The boundary points form two quadrilaterals, defined by four points:


TL (Top-Left)–RT (Right-Top)–BR (Bottom-Right)–LB (Left-Bottom);



TR (Top-Right)–RB (Right-Bottom)–BL (Bottom-Left)–LT (Left-Top).

A quadrilateral with a bigger perimeter (the one that represents the outer boundary of the
candidate region) is selected. As shown in Figure 17, the rotation of the Data Matrix code
affects the selection of the outer quadrilateral P1-P2-P3-P4 (the solid red line indicates the
outer quadrilateral, while the dashed line connects the boundary points that do not form the
outer quadrilateral).

Figure 17: Outer bounding boxes of candidate regions
a) unrotated code; b) rotated clockwise; c) rotated counterclockwise
All four interior angles of the quadrilateral are evaluated to see whether their adjacent vertices can form the vertices of an isosceles right-angled triangle (Equation 11; the length of the
two legs and the hypotenuse of the triangle is checked). Due to possible perspective distortion
of the Data Matrix code, some tolerances must be considered:

min( PA , PB , PB , PC )  28
PA , PB  PB , PC  16
PA , PC 

PA , PB  PB , PC
2

2

(11)

 max(4,0.11 PA , PC )

where PA, PC are adjacent vertices of one of the interior angles PB.
If formula (Equation 12) applies then the vertices are arranged counter-clockwise so that PA
is top-left, PB is bottom-left and PC is the bottom-right vertex of the Finder Pattern (Lin and
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Fuh 2013). In this case, the vertices PA and PB are swapped so that the vertices are arranged
clockwise.

PA.x  PB .xPC . y  PB . y   PA. y  PB . y PC .x  PB .x  0

(12)

(Note: Experiments have shown that if the 8 boundary points do not form a right-angled
triangle (Figure 18a), it is effective to shrink the candidate region by one point, update the
boundary points (Figure 18b) and repeat the search again (small protrusions may appear on
the edge of the Finder Pattern due to imperfect thresholding).

Figure 18: Outer bounding boxes of candidate region
a) original estimate (false); b) shrinked bounding box (true)
3.1.2.4 Validating Finder Pattern Candidates and Aligning to Finder Pattern
The candidates for the Finder Pattern which have been identified on the basis of the relative
position of the three vertices PA, PB, and PC must be verified and the position of the three vertices must be optimized to align to the Finder Pattern of the Data Matrix code in the image.
Points PA, PB, PC are the boundary points of the continuous region, but their position may not
be optimal due to image noise, imperfect local thresholding, or defects in the Finder Pattern.
The following two alternative algorithms optimize the position of the boundary lines P A-PB
and PB-PC so that they are aligned to the edge of the Finder Pattern.
Alternative 1: Approaching the Line Segment to the Region
The end-points of the line segment PA-PB are alternately approached to the candidate region
until at least a 90 % overlap is achieved.
1. Shift the initial estimate of the line segment PA-PB by five points in the perpendicular
direction away from the candidate region (Figure 19; PA′-PB′);
2. Calculate the overlap of line segments PA-C and C-PB (C is the center of line segment
PA-PB). Shift by one point, towards the candidate region, the end of the line segment
that has less overlap. If there is no overlap, shift PA and PB alternately (zick-zack);
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3. Stop approaching if 90 % overlap is found. If no overlap is found after the specified
number of iterations, the candidate region is rejected.

Figure 19: Approaching the line segment to the region
Alternative 2: Projections along the Line Segments
The optimal position of the end-points of the line segment PA-PB (and similar line segment
PB-PC) is such where the difference of adjacent projections is maximal—the edge is the
strongest one (Figure 20).
1. Calculate projection Proj in the rectangular area along the line segment defined by
end-points PA-PB. The width of the rectangular area is seven points and the length is
|PA, PB|. For the purposes of calculating the projection (sum), the point that lies in the
candidate region has a value of 1 otherwise 0. These values are summed and two adjacent values in projection Proj with the maximal difference are identified
(argmax(Proj[i + 1] − Proj[i − 1]));
2. The points PA, PB are independently shifted in both directions and step 1 is repeated
for each shift. The position of the maximal difference is stored;
3. The optimal position of PA-PB is such, where at least 80 % of points of the line
segment PA-PB lie in the Finder Pattern candidate region, and at the same time, at least
40 % of points are such that they lie in the candidate region while their adjacent points
are outside the candidate region. If such a position is not found then the candidate
region is rejected.
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Figure 20: Projection along the line segment
3.1.3 Identification of Perspective Distortion and Setting-Up Perspective
Transformation
The Finder Pattern candidate region is described by three vertices PA (P1), PB (P2), and PC
(P3). If perspective distorted Data Matrix codes are considered, the position of 4th point P4
must be determined. The initial estimate of the position of point P4 is obtained by extending
to the parallelogram. As shown in Figure 21 this estimate must be corrected for perspective
distorted Data Matrix codes.

Figure 21: The initial estimate of the position of 4th point P4
a) undistorted Data Matrix code; b) skewed Data Matrix code;
c) d) perspective distorted Data Matrix codes
3.1.3.1 Evaluation Distance to Timing Pattern
The first method of how to find the correct position of the fourth corner point P4 is based on
moving the boundary lines P3–P4 and P1–P4 and evaluating the overlap of the boundary lines
with a Data Matrix code candidate (Figure 22; Data Matrix code candidate area is defined by
four points P1-P2-P3-P4).
The boundary line P3-P4 is shifted by two points away from the Data Matrix code candidate.
The boundary line P3–P4 is divided into five slots. For each slot the minimal distance di to the
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nearest inner dark point of Data Matrix code candidate (Figure 22b) is computed and the
number of dark points intersected by the boundary line.


If d5 − d1 > 1 and di ≤ di+1 then point P4 is shifted inward to the Data Matrix candidate
area (a situation where P4 is located outside);



If d4 − d1 < 0 and di ≥ di+1 and there is at least one slot where there is 40 % of intersected dark points, then P4 is shifted outward from the Data Matrix candidate area
(a situation where P4 is located inside), and the procedure repeats.

Figure 22: Perspective distorted Data Matrix code
a) the initial estimate of the position of point P4; b) distances from line segment P3-P4a to
Timing Pattern of Data Matrix code
3.1.3.2 Setting-Up Perspective Transformation
Once the position of the 4th point, P4, is refined perspective transformation from the source
square domain representing an ideal Data Matrix code to the quadrilateral destination representing a real Data Matrix code in the image can be set up (Figure 23).

Figure 23: Perspective transformation
Using the following equations (Heckbert 1989):
u

ax  by  c
dx  ey  f
, v
gx  hy  1
gx  hy  1
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where coefficients can be computed from coordinates of four vertices P1(u1,v1), P2(u2, v2),
P3(u3, v3), P4(u4, v4) as:

a  (u3  u2 ) L  gu3 , b  (u1  u 2 ) L  hu1 , c  u 2
d  (v3  v2 ) L  gv3 , e  (v1  v2 ) L  hv1 , f  v2
g

du 3
dv3

du 2
dv 2

du1
dv1

du 2
dv 2

, h

du1
dv1

du 3
dv3

du1
dv1

du 2
dv2

(13)

du1  (u3  u2 ) L , du2  (u1  u4 ) L , du3  u2  u3  u4  u1
dv1  (v3  v2 ) L , dv2  (v1  v4 ) L , dv3  v2  v3  v4  v1
3.1.4 Validating Data Matrix Code Area
The Data Matrix code area defined by four points P1-P2-P3-P4 is checked against the
following criteria to further eliminate false candidate regions and thus reduce computational
costs (at this point dimensions of a Data Matrix code (number of rows and columns) is not
known so only relative metrics can be used). The Data Matrix code area is divided into four
equally sized tiles, and for each tile, the following is checked:


The density of black points inside the tile area is between 0.25 and 0.85 (laser engraved Data Matrix codes have a higher density of black points). Density is the ratio
of the number of black points in the tile area to all points in the tile area;



The ratio of horizontal to vertical edge points inside the tile area is between 0.33 and
3.4.

In addition to the tiles, stricter criteria for the whole area are also checked:


The density of black points inside the Data Matrix area is between 0.35 and 0.70;



The ratio of horizontal to vertical edge points inside the Data Matrix area is between
0.75 and 1.25;



The density of horizontal edge points is greater than five times the width and the density of vertical edge points is greater than five times the height.

A Data Matrix code creates an irregular chess-board-like structure where there is a relatively
balanced number of black and white modules that form the edges at the same time.
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3.1.5 Checking Timing Pattern of a Data Matrix Candidate
It is currently verified that the two sides of a Data Matrix candidate form an "L" shaped
Finder Pattern. Subsequently, it must be verified that the two opposite sides form a Timing
Pattern and the number of rows and columns must be determined. In the Timing Pattern, there
are alternate dark and light modules.
3.1.5.1 Checking Local Extremes along Expected Timing Patterns
The outer boundary of the Data Matrix candidate is defined by the four vertices P1, P2, P3, and
P4. However, the location of these corner points may not be completely accurate, so the
Timing Pattern is examined in a wider area (blue rectangular areas along line segments P 3-P4
and P1-P4 in Figure 24a).

Figure 24: Local extremes in Timing Pattern areas
a) Timing Pattern areas; b) Local extremes
Timing Pattern areas (vertical and horizontal) are scanned line by line. For each line scan are
computed:


number of transitions between dark and light modules (as a threshold value is used
average gray-scale intensity in the Data Matrix candidate region);



number of local extremes (blue dots in Figure 24b), that differs more than one
standard deviation in gray-scale intensity in the Data Matrix candidate region);



the sum of absolute values of gradients (changes in gray-scale intensities between two
adjacent pixels);

If the number of local minima is the same as the number of local maxima then the number of
local extremes determines the dimension (number of rows or columns) of the examined Data
Matrix code. Otherwise, the number of transitions between dark and light modules is used to
determine the dimensions of the Data Matrix code.
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The determined dimension must be greater than 10 and must be even. If only square Data
Matrix codes are considered, then the number of rows must be equal to the number of
columns.
The optimal position of the boundary line is that where the sum of the gradients is maximum.
3.1.5.2 Checking Horizontal and Vertical Edge Projections
It sometimes happens that the Timing Pattern on any side of the Data Matrix code is damaged
and the prior step gives a different result for the number of rows and columns. In this case,
edge projections are used as a fallback method. Firstly, the edge projections of the whole area
of the Data Matrix code candidate are evaluated (Figure 25a), secondly edge projections of
the surrounding area of the Timing Pattern are evaluated (Figure 25b).

Figure 25: Horizontal and vertical edge projections of the Data Matrix code
a) projections of the whole area; b) projections of the Timing Pattern
A histogram H of the distances between local maxima PLMAX in edge projections is
constructed. The distance with the highest occurrence DM (mode value) is taken as the integer
estimate of the module width. The real module width MW is calculated as the weighted
average of DM and two adjacent distances (Equation 14):

MW 

( DM  1) H [ DM  1]  DM H [ DM ]  ( DM  1) H [ DM  1]
H [ DM  1]H [ DM ]H [ DM  1]

(14)

Local maxima PLMAX in edge projections must meet one of the following criteria (P AVG is
average and PSTDDEV is a standard deviation of projection):


It is local maxima on <−1, +1> and
its edge projection value PLMAX > PAVG + ¼ PSTDDEV;



It is local maxima on <−2, +2> and
its edge projection value PLMAX > PAVG − ½ PSTDDEV (if modules are blurred/eroded
there can be small local maxima under average).
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The averages, standard deviations, local maxima, and modulus sizes are calculated independently for horizontal and vertical projection.
The number of modules is then determined from the width of the Data Matrix code and the
module width MW is rounded to an even number.
(Note: By maximizing the standard deviation in the edge projections, it is also possible to
iteratively determine the position of P4 in case the Data Matrix code is perspective distorted.
We introduced this approach for QR Codes in (Karrach et al. 2020a)).
3.1.6 Decoding the Data Matrix Code
Once the precise location of all four corner points, which form the bounding quadrilateral, is
established, perspective transformation is set up and the number of rows and columns is determined, we can map image points from the Data Matrix code in the image to the square
binary matrix (Figure 26). Dark modules must be mapped to binary 1 and light modules to
binary 0. This binary matrix is the input of a deterministic process that decodes the data
stored in the Data Matrix Code.
The open-source libdmtx library (Laughton 2018) is used to decode the binary matrix, which
restores the original text encoded in the Data Matrix code.
(Note: Data is organized in the data area of the Data Matrix code in groups of 8 bits (socalled code words). These code words represent both the data encoded by the Data Matrix
code and also the error correction code words. Error correction code words are used by the
Reed-Solomon algorithm to recover data code words).
One module in a real image is usually formed by a group of several points. One central point
of the module decides whether the module is classified as dark or light (red points in Figure
26 represent the central points of the modules). Points with an intensity above the threshold
are considered light, the others dark. The threshold is set as the average gray intensity in the
Data Matrix code region. If the modules are made up of more than 5 × 5 points, we can
include them in the decision-making, in addition to the central point, also points in its
immediate surrounding (e.g., points forming a cross "+").
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Figure 26: Transformation of the Data Matrix code from the image domain into the binary
matrix
If the lighting conditions in the Data Matrix code region change significantly, then one
threshold value for the entire Data Matrix code region may not be sufficient to properly distinguish the black and white modules. In this case, we can further divide the region into, for
example 3×3 sub-regions (Figure 27), creating 9 sub-regions (tiles) of equal size. For each
such sub-region, we calculate its threshold separately. The threshold value for the binarization
of individual points of the region is then determined by bilinear interpolation of 4 threshold
values of the nearest sub-regions.

Figure 27: Thresholds for 9 sub-regions of the Data Matrix code region
3.2 QR Codes –Finder Pattern based localization methods
In the following sections 3.2.1–3.2.6, we will give an overview of two methods for locating
QR Codes, which are based on finding three typical patterns—Finder Patterns—in the
corners of the QR Code (Lin and Fuh 2013, Lopez-Rincon et al. 2017). These three finder
patterns also identify the three corner points of the QR Code bounding box (a solution is also
suggested in case one of the three Finder Patterns is not recognized). In section 3.2.7, two
methods for determining the position of the 4th corner of the bounding rectangle are
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presented. The individual steps of the QR Code location algorithm are schematically shown
in Figure 28.

Figure 28: The flow chart of the proposed algorithm
Image processing begins with the conversion of the input image to a grayscale image,
followed by adaptive thresholding grayscale image to a binary image. The adaptive
thresholding techniques (Niblack 1986, Sauvola and Pietikäinen 2000, Bradley and Roth
2007, Sulaiman et al. 2019) is an effective way to separate the dark modules of a QR Code
from the light ones, even for images with low contrast or uneven illumination (if classical
methods of adaptive thresholding are not sufficient, learning based binarization utilizing
convolutional neural networks can be considered (Calvo-Zaragoza and Gallego 2019)).
We use the modification of the well-known adaptive thresholding technique (Equation 15),
which calculates individual threshold for every point in the image. This threshold is
calculated using average intensity of points under a sliding window. To speed up the
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thresholding we pre-calculate the integral sum image and we also use the global threshold
value (points with intensity above 180 we always consider as background points).
I ( x, y )  180
0 

B( x, y )  0  I ( x, y )  T ( x, y )
1  I ( x, y )  T ( x, y )


T ( x, y )  m( x, y ) 

m( x, y ) 

I ( x, y )
 10
10

(15)

17
17
1
  I ( x  i, y  j )
35  35 i 17 j 17

where I is gray scale (input) image, B is binary (output) image, T is threshold value
(individual for each pixel at coordinates x, y), and m is average of pixel intensities under
sliding window of the size 35 × 35 pixels.
In order to improve adaptive thresholding results, some of the image pre-processing
techniques, such as histogram equalization, contrast stretching or deblurring, are worth to
consider.
3.2.1 Finder Pattern Localization Based on 1:1:3:1:1 Search
This method (Alternative 1 in Figure 28) utilizes a characteristic feature of Finder Patterns,
namely that with any rotation of a QR Code in an image, it is possible to put horizontal and
vertical lines through the centre of the Finder Pattern, so that the dark and light points lying
on them will alternate in the ratio 1:1:3:1:1 (Figure 29).

Figure 29: The Finder Pattern
First, the binary image is scanned from top to bottom and from left to right, and we look for
successive sequences of black and white points in a row matching the ratios 1:1:3:1:1
(W1:W2:W3:W4:W5 where W1, W3, W5 indicates the number of consecutive black points which
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are alternated by W2, W4 white points) with small tolerance (tolerance is necessary due to
imperfect thresholding and noise in the Finder Pattern area – black and white points in a line
do not alternate in ideal ratios 1:1:3:1:1):
W1 ,W2 ,W4 ,W5  w  1.5, w  2.0
W3  3w  2,3w  2

, where w 

W3  maxW1  W2 ,W4  W5 

W1  W2  W3  W4  W5 W

7
7

(16)

For each match in a row, coordinates of Centroid (C) and Width (W = W1+W2+W3+W4+W5) of
the sequence (of black and white points) are stored in a list of Finder Pattern candidates
(Figure 30a).

Figure 30: Finder Pattern candidates
a) Finder pattern candidate matching 1:1:3:1:1 in a row; b) Group of 8 (row) finder pattern
candidates
Subsequently, we search through this list of finder pattern candidates and group together
(row) candidates that satisfy the following criteria (Figure 30b):


their centroids C are at most 3/7W points vertically and at most 3 points horizontally
away from each other,



their widths W does not differ by more than 2 points.

A new centroid C and width W of the group is set as average of x, y coordinates of centroids
C and widths W of nearby candidates (assuming that the Finder Pattern candidates in one
group belong to the same Finder Pattern).
After the grouping Finder Pattern candidates, it must be verified whether there are sequences
of black and white points also in the vertical direction, which alternate in the ratio 1:1:3:1:1
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(Figure 31). We do not scan the whole image vertically but only the surroundings of the
finder pattern candidates, where the surrounding area is defined as:

x  C x  1.3 7 W , y  C y  5.5 7 W

(17)

where C (Cx, Cy) is a centroid and W is width of the Finder Pattern candidate. We work with
a slightly larger bounding box in case the Finder Pattern is stretched vertically. Candidates,
where no vertical match is found or where the ratio H/W < 0.7, are rejected. For candidates,
where a vertical match is found, the y coordinate of centroid C (Cy) is updated as an average
of y coordinates of centers of the vertical sequences.

Figure 31: Finder pattern candidate matching 1:1:3:1:1 in both axes
3.2.2 Verification of Finder Patterns
Each Finder Pattern consists of a central black square with the side of 3 units (R1),
surrounded by a white frame with the width of 1 unit (R2), surrounded by a black frame with
the width of 1 unit (R3) (Figure 32). For each Finder Pattern candidate Flood Fill algorithm is
applied, starting from the centroid C (which lies in the region R1) and continuing through
white frame (region R2) to black frame (region R3). As continuous black and white regions are
filled, following region descriptors are incrementally computed:


Area (M00)



Centroid (M10/M00, M01/M00), where M00, M10, M00 are raw image moments



Bounding box (Top, Left, Right, Bottom)
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Figure 32: Connected components of the finder pattern candidate
The Finder Pattern candidate, which does not meet all of the following conditions, is rejected.


Area(R1) < Area(R2) < Area(R3) and
1.1 < Area(R2)/Area(R1) < 3.4 and
1.8 < Area(R3)/Area(R1) < 3.9



0.7 < AspectRatio(R2) < 1.5 and
0.7 < AspectRatio(R3) < 1.5



|Centroid(R1), Centroid(R2)| < 3.7 and
|Centroid(R1), Centroid(R3)| < 4.2

Note: the criteria were set to be invariant to the rotation of the Finder Pattern, and the
acceptance ranges were determined experimentally. In an ideal undistorted Finder Pattern, the
criteria are met as follows:


Area(R2)/Area(R1) = 16/9 = 1.8 and Area(R3)/Area(R1) = 24/9 = 2.7



AspectRatio(R1) = 1 and AspectRatio(R2) = 1 and AspectRatio(R3) = 1



Centroid(R1) = Centroid(R2) = Centroid(R3)

In real environments there can be damaged Finder Patterns. The inner black region R1 can be
joined with the outer black region R3 (Figure 33a) or the outer black region can be interrupted
or incomplete (Figure 33b). In the first case the bounding box of the region R2 is completely
contained by bounding box of the region R1 and in the second case is bounding box of the
region R3 contained in bounding box of the region R2. These cases are handled individually. If
the first case is detected, then the region R1 is proportionally divided into R1 and R3 and if the
second case is detected then the region R2 is instantiated using the region R1 and R3.
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Figure 33: Various damages of Finder Patterns
a) merged inner and outer black regions; b) interrupted outer black region
The region descriptors are also used to update finder pattern candidate centroid C and compute the module width MW using equations:

C(

M 10 ( R1 )  M 10 ( R2 )  M 10 ( R3 ) M 01 ( R1 )  M 01 ( R2 )  M 01 ( R3 )
,
)
M 00 ( R1 )  M 00 ( R2 )  M 00 ( R 3 ) M 00 ( R1 )  M 00 ( R2 )  M 00 ( R3 )

(18)

MW  M 00 ( R1 )  M 00 ( R2 )  M 00 ( R3 ) 7
3.2.3 Finder Pattern Localization Based on the Overlap of the Centroids of
Continuous Regions
In this method (Alternative 2 in Figure 28), similar to Alternative 1, three typical position
detection patterns, finder patterns, are used to locate a QR Code. However, we utilize another
feature of them. The finder pattern consists of a smaller square that is centred in a larger
frame. Both of these shapes (dark square and dark frame) form separate continuous components in the image, but they have the same position of their centroids.
To connect adjacent foreground points to continuous regions, a connected component
labelling algorithm is applied to the binary image (Rosenfeld and Pfaltz 1966, Bailey and
Klaiber 2019). During the run of the algorithm, when a point with x, y coordinates is added to
the region, the descriptor of the continuous region is updated as follows:


raw moments M00 ←M00 + 1, M10←M10 + x, M01←M01 + y, which we will use later to
calculate the centroid of the area (Cx = M10/M00, Cy = M01/M00);



bounding box defined by top, left, bottom and right boundary.

(Note: as we do not need an image of the markers but only the continuous region descriptors,
we can work with a more efficient modification of the marking algorithm, which works only
with a 2-row markers buffer)
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In following process, the region descriptors are searched (looking for square areas that could
represent either an inner square or an outer frame) and those are selected that meet the conditions:


Area (M00) must be at least 9 (minimum inner square size is 3 × 3);



Aspect ratio width to height of the region must be between 0.7 and 1.3 (here we
assume that the QR Code is approximately square sized. In case of a much stretched
QR Code this tolerance may be increased).

We determine the centroid of the current region (Cx, Cy) and look for another region with a
similar position of centroid (to reduce the number of comparisons, we work with a sorted list
of regions by the x, y coordinates of the centroids or we can use a memory map of the centroids. The memory map is reduced in a 4: 1 ratio to original image, which allows small inaccuracies in the position of centroids). There can be a maximum of 2 such continuous regions
in the QR Code that could have similar positions of centroids.
If we found a region with a similar position of the centroid, we must verify whether these two
regions can represent a smaller square in a larger frame (Figure 34). For region R3 representing the outer frame and region R1 representing the inner square, the following must apply:


Area(R3) > Area(R1) and Area(R3)/Area(R1) ≤ 4



Bounding box of region R1 must lie entirely within the bounding box of region R3



Distance(Centroid(R3), Centroid(R1)) < 3

Figure 34: Finder Pattern – inner square in an outer frame
If we find two such regions R1 and R3, then we calculate the centroid of the finder pattern
candidate and the module width MW as:

C(

M 10 ( R1 )  M 10 ( R3 ) M 01 ( R1 )  M 01 ( R3 )
,
)
M 00 ( R1 )  M 00 ( R3 ) M 00 ( R1 )  M 00 ( R3 )
MW 

M 00 ( R1 )  M 00 ( R3 )
33
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(The area of region R1 is 9 MW (3 × 3 MW) and the area of region R3 is 24 MW)
3.2.4 Grouping of Finder Patterns
3.2.4.1 Grouping Triplets of Finder Patterns
In the previous steps, Finder Patterns in the image were identified and now such triplets (from
the list of all Finder Patterns) must be selected, which can represent 3 corners of a QR Code.
Matrix of the distances between the centroid of all Finder Patterns is build and all 3-element
combinations of all Finder Patterns are examined. For each triplet it is checked whether it is
possible to construct a right-angled triangle from it so that the following conditions are met:


size of each side must be in predefined interval (the smallest and the largest expected
QR Code);



difference in sizes of two legs must be in tolerance ±21 (for non-distorted, nonstretched QR Code is sufficient less tolerance);



difference in size of the real and theoretical hypotenuse must be in tolerance ±12 (for
non-distorted, non-stretched QR Code is sufficient less tolerance).

In this way, we have built a list of QR Code candidates (defined by triplet FP 1, FP2, FP3)
based only on the mutual position of three finder pattern candidates. Rejected are QR Code
candidates whose outer bounding box (larger) contains outer bounding box (smaller) of
another QR Code candidate.
However, as we can see on Figure 35 (if the image contains multiple QR Codes), not all of
the three QR Code candidates represent a real QR Code (dotted orange FP3′-FP3″-FP2″ is
false positive). These false positive QR Code candidates will be eliminated in the next steps.

Figure 35: QR Code candidates
Finally, Bottom-Left and Top-Right Finder Pattern from the triplet (FP1, FP2, FP3) is determined by using formula:
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If FP3 .x  FP2 .x FP1 . y  FP2 . y   FP3 . y  FP2 . y FP1 .x  FP2 .x   0 then Bottom-Left is FP3
and Top-Right is FP1 else vice versa.
3.2.4.2 Grouping Pairs of Finder Patterns
If any QR Code has one of the 3 Finder Patterns significantly damaged, then this Finder Pattern might not be identified and there remains two Finder Patterns in the Finder Patterns list,
that were not selected (as the vertices of a right-angled triangle) in the previous step (Figure
36a). The goal of this step is to identify these pairs and determine the position of the third
missing Finder Pattern. A square shape of the QR Code is assumed.
All two element combinations of remaining Finder Patterns, whose distance is in a predefined
interval, are evaluated. A pair of Finder Patterns can represent Finder Patterns that are adjacent corners of a QR Code square (Figure 36a) or are in the opposite corners. If they are adjacent corners, then there are two possible positions of the QR Code (in Figure 36b depicted as
a red square and green square). If they are opposite corners, then there are other two possible
positions of the QR Code.

Figure 36: QR Code with one damaged Finder Pattern
a) two known Finder Patterns; b) two possible regions of QR Code; c) two possible positions
of 3rd Finder Pattern
All four possible positions of the potential QR Code are evaluated against the following
criteria:


Is there a Quiet Zone around the bounding square at least 1 MW (Module Width)
wide?



Is there a density of white points inside the bounding square in the interval
(0.4; 0.65)?



Is there a density of edge points inside the bounding square in the interval (0.4; 0.6)?



Density of edge points is computed as the ratio of the number of edge points to
area*2/MW.
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Region of a QR Code is expected to have a relative balanced density of white and
black points (the number of white points to the number of black points is about 1: 1)
and a relative balanced ratio of edges to area (the number of edge points to the number of all area points*2/MW is about 1:2).

A square region that meets all the above conditions is considered a candidate for a QR Code.
There are two possible corners in the QR Code bounding square where the 3rd Finder Pattern
can be located (Figure 36c). For both possible corners, a Finder Pattern match score is computed and one with a better score is selected (in other words, the question, ”In which corner is
the structure that more closely resembles the ideal Finder Pattern?” must be answered).
Match score MS is computed as:

MS  arg min OS  min( BS,WS )

(20)

Where MS is match score (lower is better), OS is overall pattern match score, BS is black
module match score and WS is white module match score. BS stores matches only for
expected black points and WS stores matches only for expected white points between the
mask and the image. BS and WS was introduced to handle situations when over the area of
Finder Pattern is placed black or white spot, which would cause a low match score if only
a simple pattern matching technique were used.
The match score is computed for several Finder Pattern mask positions by moving the mask
in a spiral from its initial position up to a radius of MW with a step of MW/2 (for the case of
small geometric deformations of the QR Code).
3.2.5 Verification of Quiet Zone and Timing Patterns
To exclude false positive candidates for a QR Code, defined by a triplet of finder patterns, we
verify the presence of the quiet zone around the QR Code and the timing pattern inside the
QR Code.
According to the ISO standard, a Quiet Zone is defined as "a region 4X wide which shall be
free of all other markings, surrounding the symbol on all four sides". To verify the quiet zone,
we check if there are only white points in the rectangular area of the binary image that is
parallel to line segments defined by FP1–FP2 and FP2–FP3 (Figure 37). An affine
transformation can be set-up with just three points, FP1, FP2, and FP3. For fast inspection of
line points, we use Bresenham′s line algorithm (Bresenham 1965).
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Figure 37: Quiet zones around a QR Code
To verify timing patterns inside the QR Code, we examine the rectangular area between the
inner corners of finder patterns (Figure 38). We count the number of white and black points in
the binary image and we calculate the average length LAVG of white and black line segments
and their standard deviation LSTDDEV. The timing pattern is expected to satisfy the following
conditions (the alternating white and black line segments are about the same length and their
length corresponds to the module width MW):

L AVG  MW  1 and LSTDDEV  1

(21)

Figure 38: Timing patterns inside a QR Code
QR Code candidates which do not have quiet zones around are rejected.
3.2.6 QR Code Bounding Box
Vertexes of triangle FP1–FP2–FP3 are centroids of three finder patterns (which represent the
QR Code candidate). This inner triangle must be expanded to outer triangle P1–P2–P3, where
the arms of the triangle go through boundary modules of the QR Code (Figure 39). For
example, the shift of FP3 to P3 in direction defined by vector (FP1, FP3) can be expressed as:

P3  FP3 

FP3  FP1
MW 18
FP3 , FP1

where MW is module width.
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Figure 39: Bounding box
3.2.7 Perspective Distortion
Identification of perspective distortion of the QR Code and determination of the position of
the 4th corner point of the QR Code.
In the case of perspective (projective) distorted QR Codes, we need 4 points to set-up perspective transformation from a source square to destination quadrilateral (Heckbert 1989).
The 3 corner points P1, P2, P3 have been identified using 3 finder patterns of the QR Code.
Now the position of the 4th corner point P4 must be determined.

Figure 40: Initial estimate of position of 4th point P4
a) undistorted QR Code; b) skewed QR Code; c) and d) perspective distorted QR Codes
(Note: For perspective undistorted QR Codes (only shifted, scaled, rotated, or sheared) it is
sufficient to have only 3 points to set-up the affine transformation from a source square to
destination parallelogram. However, for perspective (projective) distorted QR Codes 4 points
are required to set-up perspective transformation from a square to destination quadrilateral).
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Two alternative methods, how to find the optimal position of the 4th corner point P 4, are
presented:


Alternative A is based on moving the boundary lines P3–P4 and P1–P4 and evaluating
the overlap of the boundary lines with a QR Code



Alternative B is based on the evaluation of vertical and horizontal edge projections
and finding the position of point P4, where the projections reach the largest local
maxima and the largest standard deviation.

3.2.7.1 Alternative A—Evaluation the Overlap of the Boundary Line
Some authors, for example (Lin and Fuh 2013, Beer 2018), search for Alignment Pattern to
obtain 4th point P4. However, version 1 QR Codes does not have Alignment Pattern, so we
have decided not to rely on Alignment Patterns.
Instead of that we use an iterative approach to find the opposite sides to P 2–P1 and P2–P3,
which aligns to QR Code borders.
1. We start from initial estimate of P4 as an intersection of the line L1 and L3, where L1 is
parallel to P2–P3 and L3 is parallel to P2–P1 (Figure 41a).
2. We count the number of pixels which are common to the line L3 and the QR Code for
each third of the line L3 (Figure 41a).
3. We shift the line L3 by width of one module away from the QR Code and again we count
the number of pixels which are common to the shifted line L3′ and the QR Code. The
module width is estimated as MW (from Equation 18) (Figure 41b).
4. We compare overlaps of the line L3 from the step 2 and 3, and
a. If L3 was whole in the QR Code and the shifted L3′ is out of the QR Code, then
initial estimation of P4 is good and we end.
b. If L3 was whole in the QR Code and 3rd third of the shifted L3′ is again in the QR
Code, then we continue by step 5.
c. If 3rd third of L3 was in quiet zone and 2nd and 3rd third of the shifted L3′ is in the
quiet zone or if 2nd third of L3 was in the quiet zone and 1st and 2nd third of the
shifted L3′ is in the quiet zone then we continue by step 6.
5. We start to move P4 end of line segment P3–P4 away from the QR Code until 3rd third of
L3 touches the quiet zone (Figure 41c).
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6. We start to move P4 end of line segment P3–P4 towards the QR Code until 3rd third of L3
touches the QR Code.
7. We apply the same procedure also to the line L1 like for the line L3.
8. The intersection of the shifted lines L1 and L3 is a new P4 position.

Figure 41: Perspective distortion
a) initial estimate of the point P4 and lines L1, L3; b) first shift of the line L3;
c) second shift of the line L3
3.2.7.2 Alternative B—Evaluation of the Edge Projections
A QR Code is a 2D matrix and inner structure of the QR Code forms a chessboard-like structure. That means the individual modules create edges that are perpendicular to each other. It
can be said that the optimal position of the point P4 is such, where the vertical and horizontal
edge projections reach the largest standard deviation. We assume that at the optimal position
of the point P4, both horizontal and vertical edges will be in alignment and thus their projections will show significant local maxima (amplitudes), which will alternate with significantly
lower (up to zero) values. In the following, we propose an iterative algorithm to gradually
improve the position of point P4 in order to find the optimal boundary of the QR Code. Algorithm can be defined by these steps:
Start with an initial estimate of the position of the point P 4, which is calculated as the
intersection of lines parallel to P2–P3 and P2–P1, so that points P1–P2–P3–P4 form
a parallelogram (Figure 40 shows the starting position of the P4 point for various distorted
QR Codes). Then start moving (shifting) the point P4 first vertically in the direction P4–P3
(Figure 42) and then horizontally in the direction P4–P1. The initial size of the shift step is for
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QR Codes with modules greater than 2 points set to 2 points, otherwise it is set to 1 point (the
smaller the QR Code module is, the smaller the step is also).
For each shift of point P4, from the transformed region IT of the grayscale image, defined by
points P1–P2–P3–P4, determine the image of horizontal edges IHE (the horizontal edge is calculated as the difference between the intensity of the current point at coordinates (x, y) and
the point on the previous line at coordinates (x, y−1): d y  I T ( x, y )  I T ( x, y  1) ) and the horizontal projection (sum of absolute values of the differences dy) of these edges in the horizontal direction PHE ( y )   d y ( x, y ) . For the vector PHE calculate the standard deviation
x

StdDev (the score).
If the standard deviation StdDev (score) increases, then proceed in the selected direction,
otherwise if the score has decreased during the last two steps, go back 2 steps (to the position
with the highest score) and change the direction of the shift to the opposite. Repeat step 2.
If there is no increase even after the change of direction, return to the position of the point P4
with the highest score and reduce the shift step to ½ and repeat steps 3 and 4 (to refine the
position of the P4 point).
Just as the optimal position of the point P4 in the vertical direction was searched using horizontal edges and horizontal projection (Figure 42), in the same way look for its optimal position in the horizontal direction using vertical edges. d x  I T ( x, y )  I T ( x  1, y ) and vertical
projection of edges PVE ( x)   d x ( x, y ) .
y

(Note: to compute edge image, i.e., the derivate of grayscale image, we have tested also other
derivate masks like Prewitt operator [−1, 0, +1] and non-local maxima suppression, but
experimental results were not significantly better, therefore we stayed on simple difference
[−1,+1], which is computationally most effective.)
In Figure 42 we see that by gradually moving the point P4 upwards to the point P3 (and thus
to a more precise delineation of the QR Code), the standard deviation increases in each step
and the horizontal projection of the horizontal edges has more pronounced local maxima,
which are alternated by more pronounced minima.
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Figure 42: Identification of perspective deformation of QR Code
a) QR Code; b) horizontal edges; c) horizontal projection of horizontal edges
As the above mentioned method (Alternative A) is sensitive (especially for small QR Codes
with a module size up to 3 points) to the precise alignment of boundary lines P 1–P2 resp.
P2–P3 with the outer edges of the QR Code, it is necessary to refine the positions of these
points.

Figure 43: Refining the position of the corner points of the QR Code (alternative 1)
a) refining the position of the points P1 and P3; b) refining the position of the lines P1-P2 and
P2-P3
This can be achieved using the same approach (by evaluation of edge projections) and by
moving the points P1 and P3 (Figure 43a) and then the lines P1–P2 and P2–P3 (Figure 43b)
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separately, while working with the projections of the edges in a narrow region of the image
around the lines given by points P1–P2 and P2–P3 respectively.
Another alternative way to refine the initial position of corner points P1, P2, P3 uses edge projections in the narrow area of the outer frame of the finder pattern and shifts the corner points
to the middle between the local minimum (represents white-black transition on the outer edge
of the finder pattern frame) and the local maximum (represents black-white transition on the
inner edge of the finder pattern frame) of edge projections. Horizontal projections of horizontal edges in the OH area are used for centering in the vertical axis and vertical projections of
vertical edges in the OV area are used for centering in the horizontal axis (Figure 44).

Figure 44: Refining of the position of the corner points of the QR Code (alternative 2)
a) areas of the finder pattern where edge projections are evaluated; b) local extrema in edge
projections
After refining the positions of points P1, P2, P3, we look for the optimal position of point P4 as
described in 4.1.
Identification of QR Code Distortion by Edge Orientation Analysis
Before the aforementioned method (Alternative A) it is possible to add one more step in
which the orientation (directions) of significant edges in a QR Code is analyzed. According
this analysis it is possible to identify perspective or cylindrical distortion of the QR Code and
shift the initial position of the 4th point P4. (this rough determination of the initial position
will allow us to reduce the number of steps required to find the optimal position of point P4 in
Alternative A as well as to identify the cylindrical distortion. For QR Codes that are cylindrically distorted, Alternative A is not suitable because the perspective transformation is not sufficient to remove this type of deformation).

62

Methodology
First, the image of the horizontal edges is analyzed (Figure 45b) and then the image of the
vertical edges is analyzed also. The edge images are calculated for the sub-region of the grayscale image, which is defined by points P1–P2–P3–P4 (Figure 45a). For edge images the following steps are performed:
Suppress weak edge points in the edge images that have gradient less than the specified
threshold (<20) and which do not represent local maxima. In the image of horizontal edges,
the point d(x, y) is considered to be a local maximum if: d(x,y–1) < d(x,y) > d(x,y+1) and in
the image of vertical edges if: d(x–1,y) < d(x,y) > d(x+1,y).
Connect adjacent strong edge points into continuous regions. For each contiguous region calculate the region descriptor: raw moments of zero to second order: M00 (area), M10, M01, M20,
M11, M02 (Equation 23)
M ij    x i y j I E ( x, y )
x

y

(23)

where x, y are coordinates of strong edge point in the edge image IE.
Filter out insignificant regions (short edges) which have area M00 less than 3 times the estimated size of the module MW (Equations 18 and 19). Continue to work only with significant
regions (edges) (Figure 45c).
Divide the edge image horizontally and vertically into thirds. Classify each region into one of
these thirds, based on the location of the centroid of each individual region. Centroid C of the
region is calculated according to Equation 24. For each third calculate the average angle from
the angles of the individual regions, which are classified into the given third. The angle
(orientation) α of the region is also calculated from the moments (Equation 25).
M M 
C   10 , 01 
 M 00 M 00 



 211 
1

arctan
2
  20   02 

(24)
(25)

where μ are central moments of second order, which can be calculated from raw moments M.
Evaluate the average angles of regions in individual thirds.
Divide the image of horizontal edges horizontally into thirds and also the image of vertical
edges vertically into thirds. If the average angle in the individual thirds gradually decreases or
increases, i.e.:
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1   2   3 or 1   2   3 , where α1 is average angle in 1st third, α2 is average angle in 2nd
third and α3 is average angle in 3rd third.
It is then a perspective-distorted QR Code and the position of point P4 can be shifted (either
vertically in the case of analysis of horizontal edges or horizontally in the case of analysis of
vertical edges) by:

l tan( 3 ) , where l represents the width in the case of the image of horizontal edges and the
height of the image in the case of the image of vertical edges.
Divide the image of the horizontal edges vertically into thirds and mark the average angle in
the left third as β1 and the average angle in the right third as β3. If the angles β1 and β3 have
opposite signs and their difference is above a defined threshold, then this indicates a cylindrical distortion in the y-axis. Similarly, we identify the cylindrical distortion in the x-axis by
dividing the image of the vertical edges horizontally into thirds and comparing the angles in
the upper and lower thirds.

Figure 45: Identification of QR Code distortion by edge orientation analysis
a) QR Code; b) horizontal edges image; c) significant edges
3.2.8 Perspective Transformation
Once we have identified the position of the 4th point, P4, we can set-up perspective transformation from the source square domain representing an ideal QR Code to the quadrilateral
destination representing a real QR Code in the image (Figure 46).
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Figure 46: Perspective transformation
Using the following equations (Heckbert 1989):
u

ax  by  c
dx  ey  f
, v
, where coefficients can be computed from coordinates of
gx  hy  1
gx  hy  1

points P1(u1,v1), P2(u2, v2), P3(u3, v3), P4(u4, v4) as:

a  (u3  u 2 ) A  gu3 , b  (u1  u2 ) A  hu1 , c  u 2
d  (v3  v2 ) A  gv3 , e  (v1  v2 ) A  hv1 , f  v2
g

du 3
dv3

du 2
dv 2

du1
dv1

du 2
dv 2

h
,

du1
dv1

du 3
dv3

du1
dv1

du 2
dv2

(26)

du1  (u3  u2 ) A , du2  (u1  u4 ) A , du3  u2  u3  u4  u1
dv1  (v3  v2 ) A , dv2  (v1  v4 ) A , dv3  v2  v3  v4  v1
It sometimes happens, that the estimate of P4 position is not quite accurate so we move P4 in
spiral from its initial position (obtained in previous steps) and we calculate match score of
bottom-right Alignment Pattern (Alignment Pattern exists only in QR codes version 2 and
above). For each shift we recalculate coefficients for the perspective transformation, and we
recalculate also match score. For the given version of the QR Code we know the expected
position and size of bottom-right Alignment Pattern so we can calculate match between expected and real state. The final position P4 is the one with the highest match score.
3.2.9 Decoding the QR Code
To successfully decode a QR Code, the precise location of all four corner points which form
the bounding quadrilateral, must be done. Once perspective transformation is set up, we can
map image points from this quadrilateral into square binary matrix. Dark modules become
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binary 1 and light modules become binary 0. This binary matrix is the input of a deterministic
process that decodes the data stored in the QR Code.
(Note: Data is organized in the data area of the QR Code in groups of 8 bits (so-called code
words). Data is placed from right to left (starting from bottom-right) in a "snake" direction
(going up then down then up, etc.). These code words represent both the data encoded by the
QR Code and also the error correction code words. Error correction code words are used by
the Reed-Solomon algorithm to recover data code words. A block of error correction code
words follows a block of data code words. For larger QR codes, code words are divided into
blocks and code words from these blocks are interleaved (interleaved error correction code
words are placed after interleaved data code words). Code words are in fact sequences of bits,
and this sequence of bits, according to the selected encoding mode (numeric, alpha-numeric,
byte, or kanji), is decoded to the original input data).
If the QR Code is only perspective distorted, then by applying a perspective transformation
we get an image of a square QR Code, where its modules are also squares of the same size
(Figure 46). In this case, creating the binary matrix is straightforward because it is enough to
take the middle points of the modules, which decide whether the module is dark or light
(Figure 47). If the calculated position of the middle point does not align to integer coordinates
in the image, the grayscale intensity is determined by bilinear interpolation of the grayscale
intensities of adjacent points. If the modules are larger, we can also consider the average
value of several adjacent points around the middle point.

Figure 47: Mapping of the QR Code into the binary matrix
Whether a point is classified as dark (binary 1) or light (binary 0) depends on the local
threshold value. We divide the whole area of the QR Code into 9 tiles (3 × 3) and for each tile
we calculate its threshold value as the grayscale intensity average (Figure 48). Then the local
threshold value is determined by bilinear interpolation of the thresholds of adjacent tiles.
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Figure 48: Thresholds for 9 tiles of the QR code region
Once the binary matrix of 1 and 0 is created, the open-source ZBar library (Terriberry 2018)
can be used to start the final decoding of the binary matrix and to receive the original text
encoded by the QR code.
3.2.9.1 Determination of the position of module middle points at variable module size
If the deformation of the QR Code cannot be sufficiently restored only by inverse perspective
transformation, for example if a cylindrical distortion is added to the perspective distortion,
then the module sizes of the QR Code are not constant (Figure 49a; At the borders of the QR
code, the widths of the modules are smaller and increase towards the center). In this case we
have to adapt the positions of the middle points to the changing sizes of the modules. Again,
we can apply the principle of edge projections when local maxima determine the edges of the
modules and distances between two adjacent local maxima gives the size of the current
module in the examined row or column. The middle points are then placed in the centre
between adjacent local maxima.
1. The region of the QR code is divided into several rectangular sub-regions, first horizontally and then vertically. The number of sub-regions depends on the size of the QR
Code (We worked with the division into 1/2, 1/3 and 1/5).
2. For each such sub-region, are calculate the edge projections (the principle of calculation is the same as in the above-mentioned method "Alternative 1.B").
3. The distances of strong edges are determined. A strong edge PLMAX is considered to be
one whose P value (projection in edge image) is larger than the average value PAVG of
edge projections plus 1/4 of the standard deviation PSTDDEV of the edge projections in
the whole sub-region PLMAX  PAVG  PSTDDEV 4 and at the same time in the
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surroundings <–1, +1> represents the local maximum. The distances of strong edges
determine module sizes.
4. The sequence of distances of strong edges is analyzed. The individual distances Di in
the sequence can include several modules (D2 in Figure 49b). The number of modules
Ni belonging to the distance Di is determined as Ni = Round (Di / MW) (where MW is
the estimated module width from Equations 18 and 19). For individual modules, their
size is MWi = Di / Ni.

Figure 49: Variable-sized modules
3.3 QR Codes –Region based localization method
The above methods presented in section 3.2 for QR code localization assumes for each QR
code the existence of three relatively intact typical square patterns (Finder Patterns) in the
corners of the QR code (Figure 5). Since this condition may not be met for some types of
applications, an alternative method that locates the QR code based on its other characteristics
and does not rely solely on the presence of Finder Patterns is proposed.
This method is based on the assumption that the QR code as a whole is square in shape and
its internal structure is formed by small squares (modules), which are organized into a square
matrix and thus form an irregular checkerboard structure. The edges of the modules, when
optimally rotated, create significant local maxima in both horizontal and vertical projection,
which are equally distant from each other (Figure 50).
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Figure 50: Horizontal and vertical projection of QR code edges
The individual steps of the QR Code location algorithm are schematically shown in
Figure 51.

Figure 51: The flow chart of the proposed algorithm
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3.3.1 Identification of image regions that may contain a QR code
The QR code is made up of modules that do not necessarily create one continuous area, but
are close enough to each other. The three corner Finder Patterns are logically connected via
Timing Patterns, so it can be said that the maximum distance of the dark modules that must
be connected to achieve the connection of the three corner Finder Patterns is the width of
1 module. The goal of this localization step is to combine adjacent dark modules, forming
one QR code into one connected region.
The first approach consists of the following steps:
1. Resizing (subsampling) of an input grayscale image in a 2:1 ratio
2. Binarization of a resized image – Adaptive thresholding (Eq. 7, window size 15,
delta 15)
3. Resizing of the binary image again in a ratio of 2:1, while the transformation of the
source area of 2×2 points takes a minimum (grayscale erosion with a 2×2 structural
element).
If the QR code is bounded by a too narrow white area (Quiet Zone), then erosion can lead to
unwanted connection of QR code with another black objects in its vicinity, and thus incorrect
location of the QR code. Therefore, we replace the simple erosion from step 3 above with an
alternative approach.
An alternative approach is based on the visual characteristics of the QR code, which creates
an irregular checkerboard-like structure with a relatively high edge density and a balanced
ratio of black and white points in the QR code area.
Step 3 of the previous approach will be replaced by the following steps:
3. The binary image is scaned from top to bottom and from left to right and under the
sliding window (Figure 52; we have experimentally determined its optimal size to
19 points), the local features of the image are evaluated:
•

Number of white points (the density of white points is then the ratio of the number
of white points to the area of the sliding window; Figure 52b)

•

Number of horizontal edge points (change white to black or black to white in the
column between the two subsequent rows; the edge density is then the ratio of the
number of edge points to the area of the sliding window; Figure 52c)
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•

Number of vertical edge points (change white to black or black to white in the row
between the two subsequent columns; Figure 52c)

(Note: To speed up the calculations, it is advisable to use pre-calculated integral sum images)

Figure 52: Local features are evaluated under the sliding window
If all of the following conditions are met:
•

White point density is in the range (0.40; 0.65)

•

The density of both horizontal and vertical edge points is greater than 0.285

•

The ratio of horizontal and vertical edge points is in the interval (0.75; 1.25)

then the central point of the sliding window and its neighboring points up to a distance of
3 points (1/6 of the size of the sliding window) are marked as feature points – probable QR
code points – in the feature points map.
4. The binary image is resized (subsampled) in a 2:1 ratio, merging the points from the
binary image (from step 2) and from the feature point map (from step 3). A black
point is also considered to be one that was marked in step 3 as feature point or
immediately adjacent to feature point (Figure 53). The feature points (identified in
step 3) are shown in green and the foreground points (from step 2) are shown in
black/blue. As can be seen, not all interior points are classified as feature points, but
there are enough of them to create a continuous region that connects the corner Finder
Patterns.
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Figure 53: Feature points of the QR code
A result of steps 1–4 is the binary mask resized in a 4:1 ratio to the original image. In this
binary mask, some adjacent black modules, which do not directly touch, are connected. In
Figure 54, a binary mask is shown in green – forms a continuous region and interconnects the
QR code modules. Outer boundary of this continuous region is shown in red.

Figure 54: Binary mask of the QR code
Since the size of the QR code and the size of the module are not known in advance, these
steps must be repeated several times, resizing the image in a 2:1 ratio with each next iteration
(in our test datasets 3 iterations were sufficient to locate even the largest QR codes; each subsequent iteration is less computationally intensive).
A connected component labelling algorithm (Rosenfeld and Pfaltz 1966) is applied to the
binary mask. During the run of the algorithm, when a new point is added to the region, the
descriptor of the continuous region is updated as follows:


Area ← Area + 1;
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(x, y) coordinates of the added point are used to update bounding box: Left, Top,
Right, Bottom.

Only those regions that meet the following conditions are used for further processing:


The height and width of the region are in the range <15; 60> (exclude small regions
that cannot be a QR code and regions that are too large)



The difference between height and width is at most 4 points (include only square
regions)



Extent i.e. the ratio of the area of the object to the area of the outer bounding box is
greater than 0.42 (a suitable region must be relatively dense)

These criteria are not completely sufficient to differentiate the QR code from other objects
with similar characteristics, so it is still necessary in the following steps to exclude regions
that can not be a QR code.
3.3.2 Refinement of QR code bounding box
The binary mask identifying regions of the image that may contain a QR code due to subsampling may not accurately describe the outer boundaries of the QR code. It can be slightly
smaller or slightly larger. Therefore, the binary mask is first expanded (dilated) by 1 point in
places where the outer bounding box touches the points of the binary mask (Figure 55a). Subsequently, this bounding box is gradually shrunk from all four sides until the contact of the
bounding box with the points of the QR code is achieved (Figure 55b). To distinguish the QR
code points from the background points, a threshold value is used. Threshold value is calculated as the average of the gray intensity of the image points defined by the bounding box of
the region and the binary mask.

Figure 55: QR code bounding box refinement
a) Expanded bounding box; b) Shrinked bounding box
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After refining the QR code bounding box, the black point density of the region defined by the
bounding box (BB) and the binary mask is calculated. If the density is not in the range
<0.43; 0.65> the region is excluded from further processing (white and black areas must be
approximately equally represented in the QR code).
3.3.3 Initial estimate of the rotation angle of the QR code
In this step, the rotation angle of the QR code, which is described by the bounding box, is
estimated. The bounding box is shrunk by 3 points, and the intersections of the QR code with
the shrunked bounding box are identified. Intersections determine the corners of 4 right
triangles (Figure 56), from which 4 estimates of angles are determined:

 1  arctan

T1
R
B
L
,  2  arctan 2 ,  3  arctan 1 ,  4  arctan 2
L1
T2
R1
B2

(27)

If the standard deviation of these 4 angle estimates is at most 4° then the estimates are
considered correct and the rotation angle estimate α is the average of the estimated angles α1,
α2, α3, α4. Otherwise, the bounding box is shrunk by another 2 points and the intersections
and angle estimates are recomputed. If these second estimates also have a standard deviation
of more than 4°, then this region is excluded from further processing (the region probably
does not contain a QR code).

Figure 56: Initial estimate of the rotation angle of the QR code
3.3.4 Refinement of the rotation angle and determination of dimensions of the QR
code
The QR code described by the bounding box (i.e. the region of the input grayscale image) is
rotated sequentially around the center of the bounding box, and the average PAVG and the
standard deviation PSTDDEV of edge projections (in both the horizontal and vertical directions)
are calculated for each rotation step. The horizontal edge is defined as the absolute value of
74

Methodology
the difference |I(x, y + 1) – I(x, y)| and the vertical edge is defined as the absolute value of the
difference |I(x + 1, y) – I(x, y)|. Four angles in both directions (clockwise and
counterclockwise) are tested around the initial rotation angle estimate with an angle step Δα:
  arctan

1
WBB

(28)

where WBB is the width of the bounding box.
In Figure 57 are shown the standard deviations of the edge projections for different angles of
rotation. The optimal angle of rotation is considered to be the one for which the standard deviation PSTDDEV is maximum (Figure 57b – the edges are in optimal alignment and create significant local maxima in the projections).

Figure 57: Standard deviations of edge projections for different rotation angles of the
QR code
a) angle 65.7°; b) angle 66.8°; c) angle 67.9°
In addition to the standard deviation PSTDDEV, also the local maxima PLMAX in the projections
(we consider ± 2 neighborhoods, or for QR codes with a module size <3 ± 1 neighborhood,
whereas PLMAX  PAVG  PSTDDEV 4 ), and distances of two adjacent local maxima are determined (a table of individual distances and the number of their occurrence is built). The mode
is determined from the distances (the distance that appears most often, which in ideal conditions determines the size of the QR code module). The size of the QR code module in real
conditions is calculated as the weighted average of the mode and its two adjacent values. The
size of the QR code side and the size of the module then determine the size and version of the
QR code.
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Standard deviations, local maxima and module size are calculated independently for
horizontal and vertical projection. If the region of interest is a QR code, then it must meet the
following conditions:


The difference between the angles for which the horizontal and vertical projections
have a maximum standard deviation must not be greater than 8 times Δα



The difference in the size of the QR code calculated from the horizontal (number of
rows) and vertical projection (number of columns) must not be greater than 2



QR code size in both projections must be at least 21 (minimum QR code size
(version 1))

If the region of interest does not meet all of the above conditions, it is excluded from further
processing.
To correctly determine the orientation and decode the QR code, it is still necessary to determine in which three corners out of four there are three Finder Patterns. Therefore, a match
score for each of the four corners is calculated. The three corners with the maximum score
determine the orientation of the QR code and thus the positions of points P1, P2 and P3. Further processing continues as in the method described in sections 3.2.8 – 3.2.9.
As the above algorithm works with horizontal and vertical projections, which are perpendicular to each other, it is not suitable for applications where perspective distorted QR codes are
expected. In the case of such distorted QR codes, their edge image creates lines that are not
parallel and not perpendicular to each other.
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4.1 Data Matrix code data set
The Data Matrix code recognition methods described above were validated on a test data set
consisting of 111 samples of Data Matrix codes (Karrach and Pivarčiová 2021). The testing
dataset contained 21 synthetic Data Matrix codes of various sizes and rotations, 55 Data
Matrix codes from Internet images, and 35 Data Matrix codes from a specific manufacturing
process (marked by laser onto a metal surface). The samples of the test data set are shown in
Appendix B.1.
In Table 7 and Figure 58 there are compared the results of the Data Matrix localization
methods described in Section 3.1 against competing Data Matrix code decoding solutions
(open-source and also commercial). In the table, there are the numbers of successfully
recognized/decoded Data Matrix codes (for individual groups of samples as well as for the
whole test set consisting of a total of 111 codes).
(Note: As the commercial solutions have closed source code, we performed the testing using
the black-box method. Images from the test dataset were uploaded to an online service provided by each commercial solution vendor. The default recognition parameter settings were
used. The recognition rate depend on the test data set, the selected recognition parameters and
the test date (because commercial solutions are constantly evolving, the results may not be
reproducible)).
Table 7
Data Matrix code recognition results for different recognition solutions
Method Description
LEADTOOLS Data Matrix SDK
Inlite Barcode Reader SDK
DataSymbol Barcode Reader SDK
libdmtx (open-source)
Dynamsoft Barcode Reader SDK
(M1.1) Method described in Section 3.1.1.1
(edge detection, perpendicular linear regions)
(M1.2) Method described in Sections 3.1.1.2–
3.1.1.4
(edge detection, right-angled triangle from region
boundary points)
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Synthetic Internet Industrial
All
Samples Samples Samples Samples
19
48
10
77
21
42
28
91
21
44
26
91
15
53
28
96
21
54
22
97
21

48

19

88

21

43

18
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(M2.1) Method described in Section 3.1.2 + alt.
3.1.2.4.1
(adaptive thresholding, right-angled triangle
from region boundary points + aligning to the
Finder Pattern by approaching line segment to
region)
(M2.2) Method described in Section 3.1.2 + alt.
3.1.2.4.2
(adaptive thresholding, right-angled triangle
from region boundary points + aligning to the
Finder Pattern using projections along Finder
Pattern)

21

55

34

110

21

55

33

109

Figure 58: Data Matrix code recognition results for different recognition solutions
As shown, methods based on adaptive thresholding (M2.1, M2.2) achieve better results than
methods based on edge detection (M1.1, M1.2). This group of methods was also able to
segment Data Matrix codes in low contrast images. (Note that, unlike other articles, we
consider a Data Matrix code to be successfully recognized only if it is also decoded, not just
localized). Edge detection methods that use a fixed threshold may fail to detect significant
edges if there are reflections (false edges) near the Finder Pattern (Figure 59a) or there is low
contrast between the Finder Pattern and the surroundings (Figure 59b).
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Figure 59: Problems with edge detection methods
a) Merged edges; b) Missing edges
The recognition rate can be further increased by applying image processing techniques like:


repeat the recognition process for the rescaled image. The original image is resized in
scales 4:3 and 2:1 and for each rescaled image is repeated recognition (the side effect
of scaling is also smoothing the image).



pre-process the binarized input image by morphological closing with conditional
erosion (object points which are removed by morphological closing are restored; 3×3
square structuring element). A non‐object points in the binary image become object
points after morphological closing (small white areas are removed). The nearby
broken parts of the interrupted Finder Pattern are connected (Figure 60).

Figure 60: Morphological pre-processing
a) Original image; b) Binary image without morphological pre-processing;
c) Binary image after morphological closing
In Table 8, the relative time consumptions of the proposed methods (M1.1–M2.2) are shown.
Because the images in the test dataset have different resolutions and different numbers of
Data Matrix codes in one image, we used the total test time for all the images in the test dataset to determine the overall time consumption (presented methods were implemented in
Free Pascal without using any computer vision libraries and tested on hardware with CPU
i5-4590 3.3GHz).
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Table 8
Approximate relative time consumption of tested methods for Data Matrix code recognition
Method
(M1.1)
(M1.2)
(M2.1)
(M2.2)

Relative
Time Consumption
88 %
58 %
100 %
119 %

Average Time
Per Image
6.1 ms
4.0 ms
6.8 ms
8.1 ms

As can be seen from the experimental results, the M2.1 method achieved the best recognition
rate. Methods based on edge detection (M1.1, M1.2) had lower computational complexity,
but at the cost of a lower recognition rate.
Table 9 and Figure 61 compares the time consumption of individual solutions depending on
the resolution of the input image and the number of Data Matrix codes in one image (the
table includes only open-source software that we could test on the same hardware as the
proposed methods).
Table 9
Approximate time consumption of tested solutions for Data Matrix code recognition
1024 × 768
1296 × 960
2592 × 1920
Software
10
10
1 code
1 code
1 code 10 codes 50 codes
codes
codes
libdmtx (open-source) 133 ms 270 ms 222 ms 322 ms 900 ms 1001 ms 1422 ms
Proposed (M1.1)
14 ms
16 ms 23 ms 25 ms 86 ms 89 ms
99 ms
Proposed (M1.2)
10 ms
13 ms 17 ms 20 ms 69 ms 69 ms
72 ms
Proposed (M2.1)
14 ms
15 ms 22 ms 24 ms 81 ms 84 ms
92 ms
Proposed (M2.2)
14 ms
18 ms 22 ms 27 ms 86 ms 87 ms
108 ms
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Figure 61: Approximate time consumption of tested solutions for proposed method for Data
Matrix code recognition
As expected, the recognition time consumption is not linearly dependent on the number of
Data Matrix codes in the image, as the initial image processing operations (such as edge detection, binarization, connected component labeling) are applied to the entire image.
4.2 QR code data set
The QR code recognition methods described above were validated on a test data set consisting of 595 samples of QR codes (Karrach et al. 2020b). The testing dataset contained 25 synthetic QR codes of various sizes and rotations, 90 QR codes from Internet images, and 480
QR codes from a specific manufacturing process. The samples of the test data set are shown
in Appendix B.2.
In Table 10 and Figure 62 there are compared the results of the QR code localization methods
described in Section 3.2 against competing QR code decoding solutions (open-source and
also commercial). In the table are the numbers of correctly decoded QR codes from the total
number of 595 QR codes.
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Table 10
QR code recognition results for different recognition solutions

ZXing (open-source)

Synthetic
Samples
2

Internet
Samples
72

Industrial
Samples
48

All
Samples
122

Quirc (open-source)

12

69

45

126

LEADTOOLS QR Code SDK

9

72

147

228

ZBar (open-source)

23

84

398

505

Inlite Barcode Reader SDK

25

80

421

526

DataSymbol Barcode Reader SDK

25

89

471

585

Dynamsoft Barcode Reader SDK

25

88

478

591

Proposed method – Alternative 1.A

25

87

480

592

Proposed method – Alternative 1.B

25

89

470

584

Proposed method – Alternative 2.A

25

88

478

591

Proposed method – Alternative 2.B

25

89

474

588

Solution

Figure 62: QR code recognition results for different recognition solutions
We did not find a method that would be best in every situation. Each of the methods has its
strengths and weaknesses. Combining different methods at the same time seems to be the best
way to cover different real-life use cases.
Table 11 and Figure 63 compares the time consumption of individual solutions depending on
the resolution of the input image and the number of QR Codes in one image (the table
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includes only open-source software that we could test on the same hardware with CPU
i5-4590 3.3GHz; our solution was implemented in Free Pascal without using any computer
vision libraries).
Table 11
Approximate time consumption of tested solutions for QR code recognition
Software

1024 × 768
10
1 code
codes
10 ms 34 ms
48 ms 96 ms

Quirc (open-source)
ZBar (open-source)
Proposed – Alternative
17 ms
1.A
Proposed – Alternative
17 ms
2.A

1296 × 960
10
1 code
codes
15 ms 37 ms
76 ms 124 ms

2592 × 1920
1 code

10 codes 50 codes

66 ms
338 ms

130 ms 430 ms
396 ms 1781 ms

77 ms

23 ms

83 ms

74 ms

135 ms

426 ms

79 ms

22 ms

83 ms

69 ms

129 ms

414 ms

Figure 63: Approximate time consumption of tested solutions for QR code recognition
4.3 Discussion
Both types of 2D codes, Data Matrix and QR codes, which were dealt with in this work, have
a square shape and their basic building block is one module (square). One dark module
usually represents a binary value of 1, and a light module represents a binary value of 0.
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These modules are organized into rows and columns in a square matrix. Therefore, some
procedures that have been proposed in an algorithm specific to one type of 2D code can be
adequately applied to the other type of 2D code.
Each of the presented 2D code recognition algorithms has its own strengths and weaknesses.
In the results, we presented the 2D code recognition ratio on test data sets, for each of the
presented algorithms. By combining the algorithms (i.e. using several methods sequentially
on the same image) and merging their results, the recognition rate can be further increased.
The degree of recognition is also affected by the choice of parameters (tolerances, thresholds,
limits, etc.) of the algorithms. Before applying the algorithms to a specific situation, it is advisable to optimize these parameters with respect to the expected input image data. Although
we designed all the algorithms to be as independent of the input image data as possible and to
achieve a stable level of recognition, experiments have shown that the algorithms achieve
optimal results at certain intervals of their parameters. Equally important is proper image preprocessing. The following questions should be answered:


Can we improve image quality by removing noise (median filter), smoothing (mean
filter, Gaussian filter), or sharpening?



Is the quiet zone around the 2D code wide enough? (think about using morphological
pre-processing to separate 2D code from nearby objects)



Are Finder Patterns intact? (think about using morphological pre-processing to connect broken parts of Finder Patterns)



Is the 2D code darker (lighter) enough than the background? (consider histogram
equalization, contrast stretching, and adaptive thresholding versus global thresholding
applied across a range of thresholds (Figure 64; recognition occurs via a set of fixed
thresholds such as 30, 40, 50, 60, 70, 80, 90))



Consider recognition in scale space (recognition performed for different image
scales). Resizing the image can smooth out the edges of the 2D code.

Figure 64: Global thresholding applied across a range of thresholds
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For successful decoding of 2D codes (especially those with smaller dimensions), it is necessary to determine their exact location (position, dimensions, and orientation in the image).
Sometimes the difference of one point causes the 2D code to be localized, but it is not possible to decode it back to the text it encodes. Practical tests have shown that this problem can
be partially circumvented by testing micro-shifts of ±0.5 points in both axes in addition to the
detected position.
In addition to recognition accuracy, recognition speed is also important for real-time image
processing applications. For example, if the camera delivers 30 frames per second, then the
maximum processing time per frame is up to 33 ms. Therefore, performance optimization is
also important when designing algorithms. Computer vision and image processing libraries
such as OpenCV or Intel Integrated Performance Primitives (IPP) provide a high degree of
optimization with respect to the available hardware resources (CPU, GPU, VPU). However,
on less powerful hardware (such as Raspberry Pi single-board computer), you may need to
operate at a lower frame rate or lower image resolution.
Future work
Two areas in particular appear to be the subject of future work:


exact localization of 2D code with damaged Finder Pattern or without Quiet Zone around
2D code (Figure 65). Because both types of 2D code have finder elements located at their
outer edge, damaging them causes problems in determining the exact boundary of the 2D
code in the image.

Figure 65: Finder Pattern overlaid with text
a) Original image; b) Binary image after thresholding


identification of combined (perspective together with cylindrical, sferical) and nonstandard distortion (Figure 66). It is necessary to establish the mapping of individual 2D
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code modules in the image into a binary matrix (the basis for 2D code decoding).
Especially for low-resolution images, this seems like a challenge.

Figure 66: Distorted QR codes
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5 Conclusion
2D matrix codes offer an efficient way to store a relatively large amount of data in a small
area while the data is well machine readable. They have a sophisticated protection mechanism that allows reading even if part of the 2D code is damaged or lost.
2D codes can be widely used in processes in the automotive industry as well. Cars are complex products consisting of a large number of parts that need to be identified. Identification
2D codes can be placed directly on the part (either in the printed form or by Direct Part
Marking – laser-marking, engraving, electro-chemical etching or embossing) and thus allow
us to attach descriptive metadata to the part (e.g. item number, serial number, lot number,
date of manufacturing, date of expiry). 2D codes can be found in areas such as:


Traceability or part tracing: as a number of components from different subcontractors
enter the car's production, it is important to be able to trace the origin of each individual
component in the supply chain. If a defective component appears, its production batch is
traced and thus other potentially defective components are identified.



Inventory management: automatic large-scale storage systems use 2D codes both to
indicate storage positions and thus to orient the robots in the warehouse and also to identify the goods that are going in or out of storage.



Process monitoring: components marked by 2D codes can be monitored in real time in
the production process (for example, as they travel on conveyor belts or as they are
mounted into larger assemblies), and thus we can have an overview of the usage of specific components, the current state of production, and fulfillment of the production plan.



Quality controling: for each component, before it is used (whether by a human or by
a robot), its 2D code is scanned and it is verified that it has passed a quality inspection
and that it has been released for production.



Navigation: as artificial landmarks or traffic signs for robotic systems that move
autonomously in production halls. 2D codes can provide context specific information or
instructions (such as identification of floor, room, pallets, working place or driving
direction)



Sales and customer support: if the individual components are marked with a permanent
2D code and the vehicle is stolen and disassembled into parts, it is possible to trace the
original car after identifying the individual part.
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Conclusion
In the monograph several methods for the localization of the 2D Data Matrix and QR codes
in arbitrary images under various lighting conditions were presented and compared. These
methods are suitable for the localization of single or multiple Data Matrix or QR codes in
low-resolution images and are computationally undemanding.


Data Matrix codes: All the proposed methods use a typical "L" shaped Finder Pattern to
identify the position of the Data Matrix codes in an image. Prerequisites of our methods
are the existence of a relatively intact Finder Pattern and a quiet zone around a Data
Matrix code. The first method identifies the outer border of the Finder Pattern using edge
detection technique, joining edge points with a similar gradient orientation into
continuous regions, and finding perpendicular linear regions. The second method for
identifying the outer border of a Finder Pattern uses joining edge points into contiguous
regions and finding a right isosceles triangle at the edge of such a region. The third
method utilizes adaptive thresholding to obtain a binary image in which connected
regions are marked. In such marked regions, right triangles are sought as in the second
method. Accurate alignment to the Finder Pattern is achieved by minimizing the moment
of inertia of the region, by approaching the line segment to the region and evaluating the
overlap, approaching the line segment to the region, and evaluating the projections along
the line segment. The Timing Pattern is checked by evaluating local extremes and/or
edge projections.



QR codes: Two proposed Finder Pattern based localization methods use three typical
patterns of QR code, which are used to identify the three corners of QR codes in an
image. If one of the three Finder Patterns is so destroyed that it cannot be localized, we
have suggested a way to deal with it. The first method localizes Finder Patterns by
searching for sequences of black and white points (in horizontal and vertical direction)
that alternate in a 1:1:3:1:1 ratio. The second method localizes the Finder Pattern as two
connected components where one is inside the other and they both have about the same
centroid. The third proposed method is the region-based localization method. Regions of
possible QR codes in a binarized image are identified under a sliding window using
features like white to black point ratio, proportion of edge points, and ratio of horizontal
to vertical edge points. Perspective distortion of QR code is identified by evaluating the
overlap of the boundary line or by edge orientation analysis (analyzing the direction of
horizontal and vertical edges and maximizing the standard deviation of horizontal and
vertical projections of these edges).
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Conclusion
Our goal was to design algorithms for recognising Data Matrix and QR codes in real-scene
images taken from the production process and show the possibilities of implementing these
algorithms in the production process so that, with the help of commonly available technical
means, it is possible to monitor and track products that are marked by the Data Matrix or QR
code.
The proposed methods were validated on the testing datasets consisting of synthetic and also
real-world samples, and the results were compared with competing solutions. The experimental results show that the presented methods have a great detection rate. The benefit of
monograph are also freely available data sets of 2D code images made available to the public
for those who want to compare their solutions with our results.
This monograph summarizes the various approaches that can be used to recognize Data
Matrix and QR codes in images, giving the reader a comprehensive overview of the topic.
There were introduced various techniques known from image processing, which can be
applied to the task of recognizing 2D codes in images.
Data Matrix and QR codes as automatic identification and data capture (AIDC) technology
can be used to identify transport units in logistics, production parts, warehouse positions,
goods sold, to obtain context-relevant information, to support authorization during the log-in
process, to support electronic payments. It can also be used in automated robots (Frankovský
et al. 2018; Virgala et al. 2020), robot path generation (Komak and Kralik 2018) and robot
path optimization (Segota et al. 2020), for industrial robots (Kuric et al. 2021), for machine
parts labelling (Bozek et al. 2016), in microcontrollers (Vasek 2008).
High flexibility and adaptation are currently among the most important factors determining
the success rate of an industry (Krenicky and Ruzbarsky 2018). Our monograph shows that
2D codes as part of novel projects within Industry 4.0 are essential for the automotive
industry.
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Appendix A: Image processing techniques utilized in 2D code recognition
Images in computer memory are commonly stored as two-dimensional arrays or as a sequence of row buffers. Each individual element of the array represents one point (pixel) of
the image. The color of each point in the image is encoded by a sequence of several bytes.
Depending on how the color is encoded, different color models are distinguished. One of the
best known is the RGB color model, where the color is encoded using three basic colors: Red,
Green, and Blue. The resulting color is given by a linear combination of these three basic
colors. In computer implementations, each color component is usually implemented as an
8-bit value, which means that the color of each point is stored in 24 bits, allowing 16 777 216
different colors to be encoded.
The image can be viewed as a two-dimensional discrete function I(x, y), where the variables x
and y represent the coordinates of a point in the image and the function value represents the
color or intensity of the individual color components.
A.1 Color conversion
For the image transformation from RGB color model to grayscale, it is possible to use the
relationship for intensity (amount of light or shades of gray) calculation defined by recommendation ITU-R BT.601-7:
I  0,299R  0,587G  0,114B or using integer coefficients I 

77 R  150G  29 B
256

The conversion from an RGB image to a grayscale image uses fixed transform coefficients.
The grayscale image often uses only 8-bits per image point to store intensity information
(256 possible shades of gray) and therefore working with a grayscale image is easier and
more efficient than with a color image.
A.2 Intensity transforms
The intensity histogram of a given grayscale image I(x, y) is a function H(i), where for each
intensity level i indicates the number of pixels in the image that have an intensity level equal
to i.
Histogram equalization
The goal of histogram equalization is to achieve an even representation of individual intensity
levels in the resulting (balanced) histogram. Contrast enhancement is achieved by extending
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the range of intensity levels (from darkest to lightest) over the entire available range (usually
from 0 to 255). The method is useful for images that are either very dark or very light.
Teh (i )  t 0 

t y  t0
N

2

i

 H ( j ) resp. T
j  f0

eh

i


(i)  floor t 0  (t y  t 0 )  p( j ) 
j  f0



where N2 is the number of points in the image, f0 – fx is the source range of intensity levels, t0
– ty is the target range of intensity levels, and p(j) is the probability of an occurrence of
a pixel of intensity level j.
Point intensity transforms
The resulting intensity level of a point depends only on the original intensity level of the
same point. The most common operations are multiplication/division and addition/subtraction:
g ( x, y)  f ( x, y)   ,

where  affects contrast and β affects brightness.
Contrast stretching
It differs from the more sophisticated histogram equalization in that it can only apply a linear
scaling function to the image pixel values. As a result, the "enhancement" is less harsh
(Fischer et al. 2004).
g ( x, y )   f ( x, y )  a 

255
ba ,

where a and b values can be selected as the 5th and 95th percentile in the intensity histogram.
A.3 Geometry transforms
Geometric transformations calculate the coordinates of a point in the output image (u, v)
based on the coordinates of a point in the input image (x, y).
Affine transform
u = a0 + a1*x + a2*y
v = b0 + b1*x + b2*y
An affine transformation is any transformation that preserves collinearity (i.e. all points lying
on a line initially still lay on a line after transformation) and ratios of distances (e.g. the midpoint of a line segment remains the midpoint after transformation) (Rhody 2005).
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In general, an affine transformation is a composition of rotations, shifts, scaling, and skew (a0
and b0 affect the shifts, a1 and b2 affect the scaling, and the combination affects the rotation
and skew). At least 3 pairs of corresponding points are needed to determine the transformation coefficients.
Affine transformation expressed as matrix multiplication:
u  a1
v  = b
   1
1   0

a2
b2
0

a0   x 
b0   y 
1   1 

Shift
u = a0 + x
v = b0 + y
Scaling
u = a1 * x
v = b2 * y
Skew
u = x + sx * y
v = sy * x + y
Rotation
u = x*cos(α) + y*sin(α)
v = –x*sin(α) + y*cos(α)

1 0 a 0 
T = 0 1 b0 
0 0 1 

a1 0
T =  0 b2
 0 0

0
0
1

1
T =  s y
 0

0
0
1

sx
1
0

 cos( ) sin( ) 0
T =  sin( ) cos( ) 0
 0
0
1

Perspective transform

ax + by + c
dx + ey + f
,v =
gx + hy + 1
gx + hy + 1
At least 4 pairs of corresponding points are needed to determine the transformation coeffiu=

cients (Heckbert 1989).
If the point (u, v) in the output image does not maps to the integer coordinates (x, y) in the
input image then interpolation must be used:


Nearest-neighbour interpolation: intensity value at the nearest point (round (x),
round (y))



Bilinear interpolation: A weighted linear combination of the intensities of the
4 nearest points
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A.4 Image filtering
Smoothing filters
The purpose of the smoothing filters is to reduce noise (error signal) and/or to remove (excessive) details from the image. Smoothing filters can be implemented by using the 2D discrete
convolution of image function f(x, y) and pre-defined fixed kernel (mask) k as:

g x, y  =  f  k x, y  =

n2

n2

  f x  i, y  j   k i, j 

i=  n 2 j=  n 2

where n is the size of the convolution kernel (sizes 3×3 or 5×5 are commonly used).
Mean filter
The simplest method of image smoothing is averaging. It is a low-pass filter that attenuates
high frequencies. Each point intensity value is replaced by the mean (average) of the intensity
value of its neighbors, including its. Filter mask of size 3×3:
1 1 1
1
k  1 1 1
9
1 1 1

Gaussian filter
The convolution kernel of a Gaussian (low frequency) filter is derived from a 2-dimensional
Gaussian function. The Gaussian filter calculates the "weighted average" around each point,
with increasing weight towards the central point. 5×5 convolution kernel as a discrete
approximation of the Gaussian function (σ=1):
1 4 7 4 1 
4 16 26 16 4

1 
7 26 41 26 7
k
273 

4 16 26 16 4
1 4 7 4 1

Median filter
Median filter is a nonlinear smoothing method. The goal is to eliminate large intensity
differences around the individual point. The intensity values of the neighboring points falling
in the filter mask are ordered by intensity value. The new intensity value will be the median
of this sequence. The median filter is suitable for impulse (salt and pepper) noise reduction.
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A.5 Thresholding
Thresholding is the simplest method of segmentation. Thresholding classifies image points
into two categories: points for which the measured property (e.g. intensity) falls below
a specified value – the threshold, and those for which this property is equal to or greater than
the threshold.
Thresholding creates a binary image. Determining the optimal threshold is a critical task for
segmentation success.
Global thresholding
Global thresholding is based on the assumption that foreground objects in a grayscale image
can be distinguished from the background by the intensity value of individual points of the
image. Then for the thresholded image f(x, y) and the threshold value T (same value for the
whole image):

255 f ( x, y )  T
g ( x, y )  
 0 f ( x, y )  T
The threshold value T can be determined from the bimodal histogram as the local minimum
between the two peaks (Otsu's method).
Hysteresis thresholding
Hysteresis thresholding works with two threshold levels – Tlow and Thigh.


To a point with intensity below Tlow is assigned value 0.



To a point with intensity above Thigh is assigned value 1.



To a point with intensity between Tlow and Thigh is assigned value 1 only if it is
connected (in the sense of 4 or 8-connectivity) with another point with a value of 1.

This is typically used in edge detection because edge points connected to a strong edge points
are assumed to be part of the edge.
Adaptive thresholding
Adaptive (local) thresholding works with an individual threshold value for each point or area
of the image. For each point or area, an individual threshold is calculated according to its
surroundings (the surrounding (window) must be large enough to cover a sufficient number
of foreground and background points). The threshold value can be determined as an average
(arithmetic or weighted according to the Gaussian function), median, mean value between the
minimum and maximum of intensities of surrounding (window) points, etc.
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T ( x, y) = m( x, y)   ,

m ( x, y ) 

w/ 2
w/ 2
1
  f ( x  i, y  j )
w  w i  w / 2 j  w / 2
,

where T is the local threshold, Δ (delta) is a constant and w is the window width.
In addition to the mean m, we can also include the variance in the calculation of the local
threshold value:
(Niblack 1986): T x, y  = mx, y + kσ x, y 


 σ x, y  
 1 
(Sauvola and Pietikäinen 2000): T x, y  = mx, y 1+ k 
 R


where m is the local mean and σ is the local standard deviation.
It is advantageous to use adaptive thresholding if the image is uneven illuminated (the global
histogram does not have two distinct peaks).
Adaptive thresholding is computationally intensive if the size of the window is larger. Therefore, a pre-calculated integral sum image can be used to calculate the averages or standard
deviations (Bradley and Roth 2007).
A.6 Edge detection
The edges in the image arise in places where the value of the image function (intensity)
changes significantly. Places in the image corresponding to significant (strong) edges carry
more information than other places in the image. Edge detection can be based on finding the
maximum of gradient magnitude (of the first-order derivatives) of the image function or on
finding the zero-crossing of the second-order derivatives.
Gradient of image function f(x, y) is vector defined as:

 f f 
f x, y  =  , 
 x y 
The gradient at a given point is the direction in which the function increases (decreases) most
quickly, and the magnitude of the gradient is the rate of increase (decrease) in that direction:

f x, y  =  f  +  f 
 x   y 
2

2

First-order partial derivates can be approximated by using Sobel or Prewitt operators. Image
is convolved using filters (3×3 kernels):
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Sobel kernel:

  1 0  1
 1  2  1


k x =  2 0  2 k y =  0
0
0 
  1 0  1
 1  2  1

Prewitt kernel:

 1 0  1
 1  1  1
k x =  1 0  1 k y =  0 0 0 
 1 0  1
 1  1  1

Horizontal and vertical derivate approximations:

Gx  k x  I G y  k y  I
,
The gradient magnitude is then computed as
 Gy
arctan
 Gx

G x2 + G y2 and the gradient orientation as


 . A gradient orientation is perpendicular to a direction of the edge.


A.7 Connected component labeling
The input of the algorithm is a binary image (with two classes of points – foreground and
background) and the output is the image of the labels (markers) in which a group of
neighboring foreground points (BLOB) have assigned the same label (mark). When
neighborhood is considered, it is possible to work with either 4-connectivity or
8-connectivity. Two-pass connected component labeling algorithm (Rosenfeld and Pfaltz
1966) makes two passes over the image: the first pass to assign temporary labels and record
equivalences, and the second pass to replace each temporary label by the smallest label of its
equivalence class.
1st pass: The binary image is scanned row by row and column by column until a foreground
point P at coordinates (x, y) is found. Already visited neighbors of point P are evaluated (for
4-connectivity (x, y–1) and (x–1, y) and for 8-connectivity (x–1, y–1), (x, y–1), (x+1, y+1) and
(x–1, y)).
x–1, y–1

x, y–1

x–1, y

•P

x+1, y–1

If there are no neighbors, the current point is labeled with a new unique label. If there are
already labeled neighbors, the smallest label is used and equivalence between neighboring
labels is stored (union-find data structure can be used to keep track of equivalences
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(one-dimensional array where each element refers to an index of another element with which
it is equivalent)).
2nd pass: The image of labels is scanned row by row and column by column and equivalences
are resolved. Equivalent labels are relabeled with the smallest equivalent label.
Some properties of the connected components – BLOBs (as area, perimeter, circularity, center of gravity, moments) can be incrementally computed, when a new point at coordinates x, y
is added to the BLOB, in the 1st pass and in the 2nd pass when equivalences are resolved,
these properties are summed when equivalent BLOBs are merged (He at al. 2019).
A.8 Feature detection
Object features are numeric descriptors of objects and their set forms a feature vector. Feature
vector requirements are (Šikudová et al. 2013):


two identical objects must have the same feature vectors, and vice versa, two identical
feature vectors must describe the same objects,



features should be invariant, especially to rotation, shift, scaling,



The feature vector should contain the smallest amount of information needed to identify the object and distinguish it from objects of other classes.

The goal of feature extraction is to reduce the complexity of an object to a compact feature
vector that concisely describes the object.
Shape features


Centroid (Center of gravity of the object): the average of the x- and y-coordinates of
the points belonging to the object.



Area: number of points belonging to the object.



Aspect Ratio: ratio of the width to the height of a bounding box.



Extent: ratio of the area of an object to the area of a bounding box.



Roundness: ratio of the area of an object to the area of a circle with the same
perimeter

Image moments
Raw moments of the 2D discrete image function I(x, y):
M ij =  x i y j I x, y 
x

y
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Lower order moments describe the geometric properties of an object (area, center of gravity,
change of shape). The area can be expressed as M00 and the (x, y) coordinates of the center of
gravity as (M10/M00, M01/M00). Second-order moments M20, M11, M02 are moments of inertia
and determine orientation.
Central moments (translation invariant) of the 2D discrete image function I(x, y):

μ pq

 x  x   y  y  I x, y 
p

=

x

where x =

q

y

M 10
M
and y = 01 are the coordinates of the center of gravity.
M 00
M 00

The central moments can be expressed using raw moments:

 00 = M 00
 01  0
10  0
 02  M 02  yM 01
 20  M 20  x M 10
11  M 11  x M 01  M 11  yM 10
The angle of the axis of rotation at which the moment of inertia is minimal (the axis of rotation is the line to which the distance of the object points is minimal) can be expressed as:

 2 μ11 
1

Θ = arctan
2
 μ 20  μ02 
Normalized central moments (translation and scale invariant) of the 2D discrete image
function I(x, y):
η pq

μ pq

=
μ

 pq 
 1

2 

00

Using normalized central moments, it is possible to define Hu moments that are invariant to
translation, scaling and rotation (Hu 1962).
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Appendix B.1: Data Matrix test data set
Samples from the Data Matrix code test data set (the data set contained 111 samples).
The complete Data Matrix code test data set is available on
https://ram-verlag.org/wp-content/uploads/Dataset-DMX-2021.zip
Synthetic samples

Internet samples

Industrial samples

Other data Matrix codes from specific manufacturing process - laser marked on metal tools
are available on
https://ram-verlag.org/wp-content/uploads/Dataset-DMX-Industrial-2018.zip
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Appendix B.2: QR code test data set
Samples from the QR code test data set (the data set contained 595 samples)
The complete QR code test data set is available on
https://ram-verlag.org/wp-content/uploads/Dataset-QR-2020.zip
Synthetic samples

Internet samples

Industrial samples

Other QR codes from specific manufacturing process are available on
https://ram-verlag.org/wp-content/uploads/Dataset-QR-Industrial-2020.zip
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