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A B S T R A C T

This work demonstrates a novel approach for reliable and robust identification and detection of realized
chipless RFID Arabic alphabets using deep learning (DL) method. The undertaken classification problem
of Arabic RFID tags of various fonts and sizes requires a classification technique that can learn long-term
dependencies. Hence, a Bi-Long Short-Term Memory (BiLSTM) model is developed to classify 28 chipless Arabic
RFID letters of different font types and sizes using their back scattered dual-polarized radar cross section (RCS)
characteristics. The RCS frequency response of each Arabic letter tag reflects its signature electromagnetic
characteristics that vary with the change in its shape (variations in font type and size). Firstly, an RCS dataset
of 28 Arabic alphabet tags with three different font types (Arial, Calibri, and Times New Roman) and 13
different font sizes (16 mm–28 mm with a step size of 1 mm) are generated using Finite-Difference Time-
Domain (FDTD) method in the frequency range of 1–12 GHz (1001 steps). The dimensions of the resulting
dataset are [28 (letters) × 13 (font sizes) × 1001 (frequency steps) × 2 (polarizations)] × 3 (font types). Multi-
class classification of the frequency-series data of all realized 28 alphabet tags of various font types and sizes
makes the problem challenging and novel. The developed BiLSTM model can accurately classify the particular
letter tag with specific font type and size based on the optimized network with employed Leave-One-Out
Cross-Validation (LOOCV). The achieved accuracy with only Arial ([(28 × 13 × 1001 × 2)]), Calibri ([(28 ×
13 × 1001 × 2)]), Times New Roman ([(28 × 13 × 1001 × 2)]), and combined data set ([(28 × 13 × 1001 × 2)]
× 3) is 75%, 74%, 75%, and 89% respectively. The proposed Bi-LSTM model is shown superior when compared
to other methods such as SVM, decision trees, and KNN, as it classifies the data with much higher accuracy
for the considered multi-class data. The obtained accuracies of the compared models are 6.4% (SVM), 17.30%
(tree) and 27.4% (KNN) respectively, while the developed Bi-LSTM model with optimized hyperparameters
achieved an accuracy of 96%.
. Introduction

Frequency Identification (RFID) and Artificial Intelligence (AI) re-
earch have seen an enormous development in the last few years with
assive potential in developing Internet of Things (IoT) systems and

mart cities (Fan et al., 2019; Alvarado Vásquez and Matía, 2020).
hipless RFID tags have become very popular because they did not

nclude silicon chip, battery, and antenna on the metallic tag for
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successful operation. Instead, their characteristics are encoded by the
use of the electromagnetic signature (EMS) of the tag, which reduces
the cost of the tag and makes it lighter and more compact (Kapoor and
Piramuthu, 2011; Islam and Karmakar, 2012; Choy et al., 2009). The
RFID reader of frequency-domain chipless tags can distinguish between
each metallic resonant tag based on the reflected signal from the tag
that carries the unique EM characteristics for each tag (Rmili et al.,
2019; Arjomandi et al., 2018; Attaran and Rashidzadeh, 2016).
ttps://doi.org/10.1016/j.engappai.2023.106147
eceived 20 October 2022; Received in revised form 30 January 2023; Accepted 1
vailable online 21 March 2023
952-1976/© 2023 Elsevier Ltd. All rights reserved.
0 March 2023

https://doi.org/10.1016/j.engappai.2023.106147
https://www.elsevier.com/locate/engappai
http://www.elsevier.com/locate/engappai
http://crossmark.crossref.org/dialog/?doi=10.1016/j.engappai.2023.106147&domain=pdf
mailto:jawad.yousaf@adu.ac.ae
mailto:1063674@students.adu.ac.ae
mailto:huma.zia@adu.ac.ae
mailto:ealmajali@sharjah.ac.ae
mailto:farooq.tahir@glasgow.ac.uk
mailto:hmrmili@kau.edu.sa
https://doi.org/10.1016/j.engappai.2023.106147


J. Yousaf, A.M.A. Abed, H. Zia et al. Engineering Applications of Artificial Intelligence 122 (2023) 106147

f
o
e
2
s
e
m

a
h
2
e
2
r
t
o
t

t
f
o

t
o
p
v
o
d
A
T

T
d
s
t
s
d

Fig. 1. Typical RCS electromagnetic signature of a chipless Arabic letter tag.

The frequency-domain chipless tags are available in the form of dif-
erent geometrical shaped- and letter-based resonators. Some examples
f foremost category are tags based on split ring resonators (Paredes
t al., 2021; Herrojo et al., 2017); M/U/T/E-Shaped strips (Jeong et al.,
019; Nastasiu et al., 2020); slotted patch (Aslam et al., 2017); nested
quare loops (Huang and Su, 2017); space-filling curve shape (McVay
t al., 2006); slot/stub-loaded patches (Anee and Karmakar, 2013); and
ulti-layer patches (Vena et al., 2012).

Alphabet-based chipless RFID tags are being developed for the
ttractive applications in document security, products advertisement,
ealth, and inventory management (Yousaf et al., 2022; Rmili et al.,
019). Both Latin Singh et al. (2011), Rmili et al. (2019), Arjomandi
t al. (2020, 2018) and Arabic (Yousaf et al., 2022; Boularess et al.,
019b, 2015) alphabet tags are reported in the open literature. The
ealized metallic tag-name based on alphabets could be used as an RFID
ag and thus reduce the need for the installation of separate bar-codes
r conventional resonators. The other advantage of such tags is using
hem for visual identification (Arjomandi et al., 2020, 2018).

The spectral resonances (electromagnetic signature (EMS)) from
he back scattered response of frequency-domain tags are analyzed
or their encoding. The convectional approaches involves the analysis
f the peaks/dips in the recorded back scattered S-parameters (Arjo-

mandi et al., 2018; Singh et al., 2011; Nastasiu et al., 2020), electric-
field (Boularess et al., 2015), and radar cross section (RCS) character-
istics (Yousaf et al., 2022; Rmili et al., 2019; Boularess et al., 2019b;
Svanda et al., 2017; Zaqumi et al., 2021) of designed tags. Fig. 1
shows the typical co- and cross-polar RCS characteristics of a chipless
Arabic RFID letter tag. The difference in the number of resonances or
resonance frequencies in recorded EMS is used to classify the different
analyzed tags in Arjomandi et al. (2018), Singh et al. (2011), Nastasiu
et al. (2020), Boularess et al. (2015), Yousaf et al. (2022).

Hybrid encoding techniques based on magnitude, phase, and fre-
quency shift coding of observed EMS are also proposed to enhance the
coding capacity of the tags (Rmili et al., 2019; Huang and Su, 2017;
Svanda et al., 2017). A look-up table based approach is also reported for
the identification of different analyzed Arabic (Boularess et al., 2015,
2019b; Yousaf et al., 2022) and Latin (Rmili et al., 2019; Singh et al.,
2011; Arjomandi et al., 2018) alphabets-based tags. In this approach,
the obtained resonance frequencies in RCS of the realized tags are
compared with the already developed look-up tables for its detection
and classification. The reviewed recent studies related the chipless
RFID tags detection using aforementioned conventional approaches
are summarized in Table 1. It has been reported in Boularess et al.
(2019b), Yousaf et al. (2022), Rmili et al. (2019) that any minor
change in the metallic letter shape of the realized tag will vary its
signature (EMS). The traditional techniques as summarized in Table 1
become cumbersome for the accurate identification and encoding of the
tags when the number of letter tags, tag’s combinations or structural
variations (like changes in font type, size, and spacing) in the letter-tags
increases.
2

Deep learning algorithms have increasingly become a very effective
solution for detecting nonlinear and hierarchical features in image clas-
sification, audio and text classification, signal analysis and detection,
and object detection. The authors in Chandio et al. (2022) proposes
a novel architecture, Precise Single Stage Detector (PSSD), to address
the issues of reduced accuracy and slow processing in object detection.
Also, another study by Khan et al. (2022) solves the issue of limited
and unlabeled data used in semi-supervised learning (SSL) and few shot
learning (FSL), by proposing an efficient way of generating pseudo-
examples through the generator network only. The model was tested on
Urdu digits images for digit detection, and demonstrated improvement
over state-of-the-art in average accuracy. In Jiang et al. (2022), a novel
learning framework is presented for multiple graph learning and multi-
view semi-supervised classification to address the limitation of existing
graph learning neural networks that are mainly developed for single
graph data.

Recently, machine learning (ML) techniques are proposed to resolve
countered issues by conventional approaches. A cloud-based pattern
recognition using support vector machine (SVM) algorithm is reported
in Arjomandi et al. (2018). The developed system in Arjomandi et al.
(2018) analyzed the 𝑆21 data of the 27 combination of Peyote symbols
of five letters for the accurate detection of tag-ID. The authors in Jeong
et al. (2019) also used SVM algorithm on the 816 results of 4 T-shaped
2-bit encoding tags for their detection and classification. Nastasiu et al.
(2020) presents a model based on a neural network that can classify the
18 E-shaped RFID tags based on their EM signatures. Table 2 summa-
rizes the recent AI-based studies for the detection and classification of
RFID tags. The compared studies in Table 2 are either for a fixed Latin
shape (Jeong et al., 2019; Nastasiu et al., 2020) or for combinations
of Peyote symbols (Arjomandi et al., 2018) with limited number of
alphabets.

This work proposes, for the first time, a new deep learning based
approach for the robust and accurate detection and classification of 28
Arabic letter tags of different fonts and sizes. Chipless Arabic alphabet
tags are realized by etching the metallic (copper) letter shape on a
cheap paper substrate (𝜖𝑟 = 2.31) of 40 mm × 50 mm (Yousaf et al.,
2022). The tags are designed using three different font types (Arial,
Calibri, and Times New Roman) and 13 different font sizes (16–28 mm
with step size of 1 mm). All tags are illuminated with a plane wave
and their back scattered RCS signatures in horizontal and vertical
polarizations are predicted using CST Microwave Studio (MWS) in the
frequency range of 1–12 GHz with 1001 steps. The peaks and dips in
the vertical and horizontal RCS response represent the distinct charac-
teristics of the analyzed letter tag as illustrated in Fig. 1. The unique
resonances in the RCS spectrum of each letter tag for each font type and
size will be used for its detection and identification using the proposed
novel deep learning (DL) system. A DL classification technique based
on Long Short-Term Memory (LSTM) architecture to read, analyze, and
detect chipless Arabic RFID letters is used. Firstly, the obtained RCS
dataset ([28 (letters) × 13 (font sizes) × 1001 (frequency steps) × 2
(polarizations)] × 3 (font types) of the designed alphabet tags is passed
o the data cleaning process and then inserted into the designed and
ptimized BiLSTM classifier. The training and testing of the data is
erformed by conducting eleven different experiments based on the
ariations in the input dataset and network settings (hyper-parameter
ptimization) as detailed in Section 3. The achieved accuracy for the
etection and classification of the designed Arabic letter tags with only
rial ([(28 × 13 × 1001 × 2)]), Calibri ([(28 × 13 × 1001 × 2)]),
imes New Roman ([(28 × 13 × 1001 × 2)]), and combined data set

([(28 × 13 × 1001 × 2)] × 3) is 75%, 74%, 75%, and 89% respectively.
he dataset tuning is proved useful in further improving the tags
etection and classification accuracy to 92%–96%. The conventional
upervised learning models did not perform well for such dataset as
he maximum achieved classification accuracies with the compared
tate of the art techniques such as support vector machine (SVM),
ecision tree, and k-nearest neighbors (KNN) are 6.4%, 17.3%, and
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Table 1
Summary of compared studies of conventional methods for chipless RFID letters detection.

Reference Year Tag type Font type Font Size Tag size (mm2) Detection method Frequency
(GHz)

Vena (Vena et al.,
2011)

2011 26 Latin
alphabet

Arial 48 mm 45 × 48 A look up table for all RCS
signatures

3.1–10.6

Singh (Singh et al.,
2011)

2011 26 Latin
alphabet

Arial 24 mm – Observing the resonant peaks
in 𝑆11

1–10

Aminul (Islam and
Karmakar, 2012)

2012 4 Rectangular
metallic patches

– Different
sizes

– S parameters of the
back-scattered signal

7–12

Khaled (Issa et al.,
2018)

2018 10 L-shaped
resonators

– Different
sizes

– Correlation features in the
frequency
content of the back-scattered
signals

6.5–10.5

Boularess (Boularess
et al., 2019a)

2019 3 Latin Alphabet
(a, b, c)

Arial 15 mm 40 × 20 RCS resonant frequency
lookup table of the tags

6–13

Hatem. Rmili et al.
(2019)

2019 3 Latin Alphabet
(a, b, c)

Arial
Corbel
Times New
Roman

Different
sizes

40 × 20 Frequency shift analysis
of tags RCS response.

6-13

Boularess (Boularess
et al., 2019b)

2019 18 Arabic
alphabets

Arial 24 mm 37 × 37 RCS resonant frequency
lookup table of the tags

2-8

Wazie (Adbulkawi
and Sheta, 2018)

2018 6
Multiresonating
circuit

– – 33.13 × 10.225 Dips in 𝑆21 and 𝑆11
of the proposed tags

6.1–6.6
Table 2
Comparison of legacy studies using the AI techniques for chipless RFID detection.

Reference Year Tag
type

Font
type

Font
sizes

Tag size
(mm2)

Detection
method

Frequency
(GHz)

Data set Test
accuracy
(%)

Larry (Arjomandi
et al., 2018)

2018 5-symbolic – – 50 × 10 Machine learning
(SVM)
on 𝑆21
parameters

57–64 27 Tags
combinations

96

Soyeon (Jeong
et al., 2019)

2019 4 T-shaped – – 40 × 0.5 SVM Classification
on 𝑆-parameters
magnitude/phase
data

0–10 816 × 500 89.6–
99.3

Nastasiu (Nastasiu
et al., 2020)

2020 18 E-shape – – 21.3 × 9 Neural network
model based on
EM signature

65–72 200 × 18 100

This work 2023 28 Arabic
alphabets

Arial,
Calibri,
Times
New
Roman

16 mm–
28 mm
(step size
:
1 mm)

50 × 40 Deep learning
using
BiLSTM network
on co- and cross-polar
RSC results

1–12 ([28 × 13 ×
1001 × 2)]×3

89 (*92–96)
27.4% respectively. It proves the superiority of the proposed BiLSTM
network over the compared networks.

The major contribution of this study are:

• Generating a comprehensive database of RCS responses of 28
Arabic alphabets with 3 different font types and 13 font sizes
though full-wave EM simulations

• Proposing a novel approach based on a BiLSTM deep learn-
ing framework for the detection and classification of each tag
irrespective of its font type and size

• Detailed and comprehensive analysis of classification accuracy
with the variations in network type (BiLSTM, KNN, SVM, decision
tree), hyperparameters of BiLSTM network, and input data type
for the design of a robust detection system for the promising letter
based chipless tags

As per our best knowledge, the proposed approach is the first of its kind
for the identification and robust detection of such generated extensive
data set of Arabic RFID letter tags. Other than letter tags detection, the
proposed approach has potential of application in other area such as

converting document images into digital documents, text detection in

3

images, document/cheques security, product advertisements, and also
for use in autonomous vehicles to perform license plate reading.

The rest of the paper is organized as follows: Section 2 describes
the design procedure and numerical results of all realized 28 Arabic
letters of various fonts and sizes. The details of the proposed DL-based
detection system is given in Section 3. Section 4 discusses the results of
the different designed experiments. The discussion of the overall results
is detailed in 5. Lastly, Section 6 concludes the findings of the study.

2. Design process and data generation of Arabic letter tags

The data generation process in this work consists of three steps. Step
one is the design of each Arabic letter using a 3D design software such
as Auto CAD for each realized font type and size. In step two, the drawn
tags, obtained in step one, are imported into CST Microwave studio to
generate the RCS results based on the full-wave EM simulation of each
tag (Yousaf et al., 2022). Finally, the RCS results in both, the horizontal
and vertical polarizations, of each tag are imported into MATLAB in
order to train and classify the tags during the proposed deep learning

network of Fig. 16.
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Fig. 2. Structure and dimensions of designed Arabic letter tags (example of letter (Alf)

).

Fig. 3. Full-wave numerical analysis setup for realized Arabic letter tags.

2.1. Numerical analysis

Fig. 2 shows the full-wave EM model of the imported alphabet (Alf)
from the Auto CAD software. Each designed letter is assigned a copper
aterial with a thickness of 0.1 mm and is placed on a paper substrate

f 40 mm × 50 mm with a height of 0.5 mm. A copper ground plane is
inserted at the bottom of the substrate as shown in Fig. 2. Each letter
tag should be located at the center of the substrate plane.

The realized letter tag is then illuminated with a plane wave which
causes the metallic letter geometry to resonate. Fig. 3 shows the full-
wave EM analysis setup for all designed Arabic letter tags. As shown,
E-field probes are placed in the far-field region, at a distance of 150 mm
from the tag surface, to measure the back scattered RCS waveform
in both the co-and cross-polarization (Yousaf et al., 2022). The RCS
responses are predicted and analyzed at many frequencies in the fre-
quency range from 1 to 12 GHz. The validity of the utilized numerical
setup is established through a rigorous analysis reported in Yousaf et al.
(2022). The dips and peaks in the recorded RCS results depict the EM
signature properties of a particular tag and the EM signature is found
sensitive to any change in the geometrical properties of the tags. Each
Arabic letter shape is different as illustrated in Fig. 4 for the realized
tag based on Times New Roman (TNR) font of size 28 mm. The induced
current distribution on the metallic tag surfaces varies with the change
in its geometrical shape and hence produces a unique EM signature of
each Arabic letter tag (Yousaf et al., 2022; Boularess et al., 2019b). It
has been proven in our earlier study (Yousaf et al., 2022) that for a fixed
font type and size, each Arabic letter tag has a distinct EM response that
effectively identifies the letter to the reader.

2.2. Effects of changing the font size

The change in font size leads to a change on the tag structure. The
structural variation will vary the resultant RCS response as it definitely
affects the current distribution on the tag’s surface. To investigate the
effect of changing the font size on the RCS results, three font types are
considered namely, the Arial, the Calibri, and the Times New Roman

(TNR). For each of the font types, 13 font sizes will be considered to

4

Fig. 4. All designed Arabic letter-tags with Times New Roman font type with font size
of 28 mm.

analyze the impact of changing the font type and sizes on the signature
EMS of all 28 Arabic letter tags. Firstly, the impact of changing the font
size is discussed for a fixed font type. For the Arial type, the font sizes
used are 16 mm, 17 mm, 18 mm, 19 mm, 20 mm, 21 mm, 22 mm,
23 mm, 24 mm, 25 mm, 26 mm, 27 mm, and 28 mm respectively.
Fig. 5 shows how the tag size for the Arabic letter (Alf) changes when
changing the font size from 16 to 28 for a fixed Arial font type.

The RCS results in the vertical polarization for the tags shown in
Fig. 5 are depicted in Fig. 6. All Arabic letter tags shows prominent
RCS peaks in the vertical polarization (Yousaf et al., 2022) and that
is why only vertical polarization RCS waveforms of the discussed tags
are reported here for brevity. However, both the horizontal and vertical
RCS waveforms data is used in the detection and classification process
of the deep learning system discussed later. From results depicted in
Fig. 7, one can easily observe three distinguishable peaks at 4.432 GHz,
8.678 GHz and 10.150 GHz,respectively, for the letter tag Alf ( )
with a font size of 28 mm. These resonance peak frequencies shift to
4.696 GHz, 9.162 GHz and 10.670 GHz when the font size is decreased
to 27 mm. It can be noted from the comparison of all responses
shown in Fig. 6 that the reduction of the tag’s electrical size,through
decreasing the font size, shifts its resonance peaks towards higher
frequencies.

In the second illustrating example, Calibri font type is chosen and
the font size of alphabet Alf ( ) is varied to study the effect of changing
the font size on the letter tag’s EMS. Fig. 7 shows the RCS results of
letter ( ) for Calibri font type with 13 different sizes for the vertical po-
larization. The observed signature resonance of the letter tag with font
size of 28 mm are 4.069 GHz, 6.742 GHz, 7.919 GHz and 11.440 GHz
respectively. These resonance peaks change to 4.33 GHz, 7.171 GHz,
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f
t

Fig. 5. Alf ( ) tag in Arial font type with font size variation from 16 mm to 28 mm.
Fig. 6. Cross polar RCS results of letter tag Alf ( ) for Arial font type in different sizes.
Fig. 7. Cross polar RCS results of letter tag Alf ( ) for Calibri font type in different sizes.
and 8.425 GHz respectively for the same letter tag when the font size
is decreased to 27 mm. We learned from the RCS results in Fig. 7 that
when the font size decreases, the resonances shift up (to the right as
revealed by Fig. 7).

The same procedure is repeated for all Arabic alphabet tags by fixing
the font type while varying the font size in the range form 16 mm to
28 mm. Fig. 8 depicts the cross polar RCS results of letter tag Aen ( )
or Arial font type with all 13 analyzed sizes. The impact of changing
he font size of letter tag Baa ( ) on its signature EMS with same Arial
5

font type is illustrated in Fig. 9. Fig. 10 presents the same impact for
letter tag Qaf ( ) for the Times New Roman font.

From Figs. 6, 7, 8, 9, and 10, one can conclude the following
observations on the effect of changing the font size on the RCS results:
- The resonances shift up towards higher frequencies with the decrease
in the tag’s size. This observation is applicable for all font types despite
each font type has its own unique RCS. - The relationship between
resonance frequencies and font size is proportional. When the font size
increases, the number of unique resonance frequencies increases for
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Fig. 8. Cross polar RCS Results of letter tag Aen ( ) for Arial font type in different sizes.
Fig. 9. Cross polar RCS Results of letter tag Baa ( ) for Arial font type in different sizes.
Fig. 10. Cross polar RCS results of letter tag ( ) for Times New Roman font type in different font sizes.
that particular letter tag in the analyzed frequency range, irrespective
of the font type.

2.3. Effects of changing the font type

This sections details the impact of the variation in the font type on
the obtained RCS responses of the analyzed Arabic alphabet tags. It
is evident that for a fixed font size, the change of the font type will
6

have an impact on the back-scattered RCS characteristics of the Arabic
letter tags. This can be noticed by comparing the vertical polarization
RCS curves shown in Fig. 6 to those shown in Fig. 7 for any fixed font
size. The change in font type from Arial to Calibri for letter tag Alf ( )
brings noticeable variations in its observed RCS response for any fixed
font size.

As pointed earlier, three font types are considered in this study:
Arial, Calibri, and Times New Roman (TNR). Each font type has its
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Fig. 11. Cross polar RCS Results of letter tag Alf ( ) for Arial, Calibri, and Times New Roman font types of sizes 17 mm, 21 mm, and 25 mm.
Fig. 12. Baa ( ) tags in Arial, Calibri and Times New Roman font type with font
izes of 17 mm, 21 mm, and 25 mm.

pecific geometrical shape and structure that makes each resultant
esigned letter tag unique, and thus it will have a different RCS result.
his has been demonstrated by comparing the cross polar RCS results
f -tag for all three font types in Fig. 11 for three font sizes namely,

17 mm, 21 mm, and 25 mm, respectively. The RCS analysis of all
tags were performed for all 13 sizes with three font types. However,
only limited font sizes results are reported here for brevity and clear
comparison. In Fig. 11, the dominate resonance peaks are noticed at
7.589 GHz (Arial), 7.204 GHz (Calibri), and 7.105 GHz (TNR) for
analyzed -tag of firm 17 mm size. As shown in the figure, the change
f the size to 21 mm has brought new distinct resonance at 6.181 GHz
or Arial, two new resonances for Calibri, at, 5.774 GHz and 9.701 GHz,
nd two other for Times New Roman at 5.763 GHz and 11.2 GHz for
he same tag. Similarly, the variations in the curve properties for tag
ize of 25 mm can be observed in Fig. 11. This comparison reflects
hat the current distribution on the metallic tag structure varies with
he change in its geometrical properties. This produces different RCS
esponses for the same tag of different font types. The variations in
he resonances data occurs because every font type has a particular
eometric shape with specific parameters, which will vary the induced
urrent distribution on the tag’s surface.

Fig. 12 shows how the Baa ( ) tag shape is changing from one font
ype to another using three font sizes. Fig. 13 shows the RCS results of
ag in Arial, Calibri, and TNR for the illustrated tag shapes in Fig. 12.

hen we compared the Arial tag versus the Calibri tag, we noticed
considerable decrease in resonance frequency and more resonance

eaks for Calibri tags. However, when the Arial is compared to the
7

TNR, the decrease in resonance frequency is tiny. This is because the
difference in tag structure is less for the Ariel and TNR tags as compared
to Calibri tags. The same effect will apply to all other font types for all
other alphabet tags. This can be deduced from the illustrated results of
alphabets and in Figs. 14 and 15, respectively. The procedure is
repeated with all tags in all font types while varying the font size and
the resulting RCS results are accordingly recorded.

It is clear from the comparison of Figs. 6–11, and 13–15 that the
resonance characteristics of the realized tags are highly sensitive to any
change in the letter tag’s font type and size. This also indicates the
reconfigurable nature of the designed Arabic letter tags. The conven-
tional approaches of using look-up tables and frequency shift analysis
are not useful here for the detection of the tags. This stems from
the fact that, as elaborated thus far, the frequency shift has variable
characteristics for each different Arabic letter tag. This makes the
conventional approaches clumsy and inefficient. The proposed solution
framework provides a robust and efficient solution to this problem
which is discussed in the next section.

3. DL-based classification framework

Fig. 16 shows the proposed deep learning system framework in
detail. The proposed deep learning model consists of 4 stages that
will classify letters RCS responses into Arabic alphabet names. The
first stage is the data input/data generation stage to get the co- and
cross-polar RCS of each tag with three different font types and 18
sizes as discussed in Section 2. The dataset for this study constitutes
of horizontal and vertical RCS results of 28 Arabic alphabet letters for
three font types, each with 13 font sizes. The generated combined data
of size [28 (letters) × 13 (font sizes) × 1001 (frequency steps) × 2
(polarizations)] × 3 (font types) is then imported to MATLAB software
as the input of the second stage, which is the pre-processing stage of
the proposed framework.

In the second stage of data pre-processing, data cleaning and format-
ting is performed to convert all the data in one form. This includes re-
moving typing errors in tags names, removing duplicates, and handling
the missing data.

Finally, in the network training stage, the data is input to the
deep learning Bidirectional-Long short-term memory (BiLSTM) net-
work. Choosing a classification model from classical machine learning
algorithms such as SVM, knearest neighbors (KNN), and decision trees
or deep learning algorithms such as BiLSTM, depends on several factors
such as the data type, dataset size, and the number of classes. The BiL-
STM network is chosen in this study as this is a multi-class classification
problem of 28 classes represented by the 28 Arabic alphabets tags of
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Fig. 13. Cross polar RCS Results of letter tag Baa ( ) for Arial, Calibri, and Times New Roman font type of sizes 17 mm, 21 mm, and 25 mm.
Fig. 14. Cross polar RCS Results of letter Cen ( ) for Arial, Calibri, and Times New Roman font types of sizes 17 mm, 21 mm, and 25 mm.
Fig. 15. Cross polar RCS Results of letter Lam ( ) for Arial, Calibri, and Times New Roman font types of sizes 17 mm, 21 mm, and 25 mm.
various font types and font sizes. Furthermore, the BiLSTM is better
when using sequential or time-series data similar to our dataset as it can
learn long term dependencies (Lakshminarayanan and McCrae, 2019).

LSTM is a deep learning artificial recurrent neural network (RNN)
architecture. Unlike traditional feed-forward neural networks, LSTM
has feedback connections that enable it to process both single and
8

complex data sequences (Graves et al., 2008; Sak et al., 2014). Fig. 17
shows the design of a simple LSTM network for the classification
problem. The main components of an LSTM network are a sequence
input layer and an LSTM layer. The details about the architecture of
BiLSTM are presented in Fig. 18. BiLSTM is just putting two LSTMs
together. The main principle behind bidirectional recurrent neural
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Fig. 16. Proposed deep learning-based system framework for the robust detection and classification of chipless Arabic letters (the 𝑛 represents hidden unit of BiLSTM network
with tested values of 100/125/150 for this study).
Fig. 17. Design of a simple LSTM network for classification.
Fig. 18. Architecture of a simple BiLSTM network.
networks (BRNN) is to present each training sequence forwards and
backward to two independent recurrent networks. The output layer will
9

receive the sequence from both directions, which means that at any
point in a particular sequence, the BRNN possesses complete, sequential
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(

Fig. 19. Dataset details for the designed experiments.
Table 3
Summary of all the experiments on Arial, Calibri and Times New Roman font types with different network learning rate and validation (k-fold and Leave-One-Out Cross-Validation
LOOCV) settings.
Exp Data used for experiments BiLSTM network Network settings

Learning rate k-fold LOOCV

1 Times New Roman Font Type with
Horizontal RCS results only

input size 2, hidden units 100,
maxEpochs 600

0.001 No No

2 Times New Roman Font Type
with Vertical RCS results only

input size 2, hidden units 100,
maxEpochs 600

0.001 No No

3 Times New Roman Font Type
of all sizes with
Horizontal and Vertical RCS results

input size 3, hidden units 100,
maxEpochs 600

0.001 No No

4 Times New Roman Font Type
of all sizes with
Horizontal and Vertical RCS results

input size 3, hidden units 100,
maxEpochs 600

0.001/0.01 No No

5 Times New Roman Font Type
of all sizes with
Horizontal and Vertical RCS results

input size 3, hidden units 100/150,
maxEpochs 600/1000

0.001 Yes No

6 Arial Font Type of all sizes
with Horizontal and Vertical RCS results

input size 3, hidden units 100/150,
maxEpochs 600/1000

0.001 Yes No

7 Calibri Font Type of all sizes
with Horizontal and Vertical RCS results

input size 3, hidden units 100/150,
maxEpochs 600/1000

0.001 Yes No

8 All Font Types of all sizes
with Horizontal and Vertical RCS results

input size 3, hidden units 125,
maxEpochs 1000/1200

0.001 Yes No

9 All Font Types of all sizes
with Horizontal and Vertical RCS results

input size 3, hidden units 125,
maxEpochs 1000/1200

0.001 No Yes
t
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knowledge about all points before and after as explained in Fig. 18.
Bidirection runs the inputs from past to future and from future to past.

In our proposed framework, the BiLSTM architecture employs Con-
volutional Neural Network (CNN) layers for feature extraction to per-
form data regression or classification. As illustrated in Figs. 17 and 18,
a sequence input layer feeds data into the network in a sequence or a
time series format. The network progresses to an LSTM layer. Finally,
the network concludes with a fully connected layer, a softmax layer,
and a classification output layer to forecast class labels.

The employed BiLSTM network for this study data has n hidden
units with tested values of 100/125/150 and three input layers. This
will generate the classification results as depicted in stage four of
Fig. 16. The details about the experimental results based on proposed
deep learning framework are presented in next section.

4. Experimental classification results

This study dataset contains the RCS results of 28 Arabic alphabets in
two different polarizations (Horizontal, Vertical), with three different
font types (Arial, Times New Roman, Calibri) and 13 font sizes (16–
28 mm with a step size of 1 mm). Fig. 19 explains the distribution of
 t

10
dataset for the different experiments. It makes the total dataset to be
[28 (letters) × 13 (font sizes) × 1001 (frequency steps) × 2 (polariza-
ions)] × 3 (font types). The generated tags RCS data is examined very
ell with all major combinations of input data and network settings.
ulti class classification of all realized 28 Arabic alphabet tags of

arious font types and sizes makes the problem challenging.
We performed the hyper-parameter optimization and ablation study

f the proposed BiLSTM model by designing different experiments
see Fig. 19) to analyze the impact of variations in the input data
haracteristics as well as network parameters such as input size, hidden
nits, max Epochs, learning rate, and cross-validation technique etc.

.1. Impact on RCS data polarization on network performance

It is observed from the presented analysis in Section 2 that accurate
dentification of each letter tag depends on the its back scattered
M characteristics (RCS) in both horizontal and vertical polarizations.
herefore, firstly, the impact the change in the input data with respect
o the polarization (horizontal, vertical, and combined) for a fixed font

ype with all 13 font sizes on the network performance is analyzed. The
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Fig. 20. Comparison of test accuracies when utilizing k-fold cross-validation with different network settings for each separate font type data.
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ajor BiLSTM network settings are fixed to input size of 2, maximum
idden units of 100, maxEpochs of 600, and a learning rate of 0.001.
his network setting is used as a benchmark for all onward conducted
xperiments.

Each font type data is used separately to train the proposed network
o detect the tag labels. We started with Times New Roman (TNR)
ags data of all 28 tags with 13 sizes of each. The generated RCS
ata is tested in three different configurations to analyze the impact
f (1) only horizontal RCS results (Experiment 1); (2) only vertical
CS results (Experiment 2); and (3) combined horizontal and vertical
CS results (Experiment 3) on the model classification accuracy under

he benchmark settings. Table 3 summarizes the input data and net-
ork characteristics for the all major experiments of this study. The

omplexity of the input data and network settings is increased in each
ucceeding experiment to analyze the impact of these variations on the
erform acne of designed classification system.

In the first experiment of this category, only horizontal RCS results
f 28 TNR font type tags with 13 sizes are used. This makes the
nput data size to be 28 × 13 × 1001 as depicted in Fig. 19. Here
1001’ represents the frequency steps for each RCS waveform. In the
econd experiment, the input data is changed to only vertical RCS
esults (28 × 13 × 1001) with the same network settings of the first
xperiment. The combination of co- and cross polar RCS results (both
olarizations) (28 × 13 × 1001 × 2) is used as the input in the designed
xperiment 3 as illustrated in Fig. 19.

The maximum achieved test accuracies of experiment 1 and exper-
ment 2 are 29% and 64%, respectively. Experiment 2 test accuracy is
etter than experiment 1 because the resonances in vertical RCS results
ave on-average more than 10 dB difference between resonances. This
nhances the performance of the classification network when compared
o the only horizontal RCS data (experiment 1). The best test accuracy
esult of 75% is obtained without any cross-validation when both
orizontal and vertical RCS waveforms data is used as an input for the
esigned classification system in experiment 3. This same settings of
he input data (combined co- and cross-polar results) is used for onward
nalyzed cases.

.2. Impact of learning rate on network performance

Next, we examined the impact of the BiLSTM network learning
ate on the training and test accuracy with no change in input data
28 × 13 × 1001 × 2) and network settings as for experiment 3 (input
ize 3, hidden units 100, and maxEpochs 60). This is analyzed for two
ifferent learning rates of 0.01 and 0.001, respectively, and is termed
s experiment 4 as illustrated in Table 3. The test accuracy dropped to
1% from 75% with the increase in the network learning rate to 0.01
rom 0.001. The comparison of first four experiments reveals that the
00 hidden units of BiLSTM layer with network learning rate of 0.001
s an optimal choice for the analyzed classification network based on
nly TNR data
11
.3. Impact of change in tags font type on network performance with
ross-validation

The next experiments (5–7) are designed for the building of a robust
nd generalized model that works well with all different tag types
rrespective of their font type and size. The font type of the combined
nput data of all sizes is varied from TNR (Exp. 5) to Arial (Exp. 6) and
o Calibri (Exp. 7) as illustrated in Fig. 19. The size of data set for these
xperiments is 28 × 13 × 1001 × 2.

To minimize the impact of over-fitting for the robust design of
he classifier, the k-fold cross-validation technique is used. As outlined
n Table 3 besides employed k-fold cross-validation, BiLSTM network
ettings in terms of hidden units(100/150) and maxEpochs (600/1000)
re also varied to analyze their impact on the network accuracy for
urther tuning of network with cross-validation impact.

Fig. 20 shows the variations in the test accuracies of the network
or the aforementioned settings of the network for only TNR, Arial,
nd Calibri data as separate inputs of the network. We noticed that
he variations in both BiLSTM layer settings and k-fold cross-validation
evel have significant impact on the classification accuracy of the
etwork. As the input RCS data characteristics are varying with the
hange in font type (see Figs. 6–11, and 13–15), it even impacts the
etwork performance for a fixed BiLSTM layer settings and k-fold
ross-validation. It can be observed from Fig. 20 that the network
erformance improves in terms of test accuracy with the increase of the
olding rate in the employed cross-validation technique. Overall higher
est accuracy for the TNR and Calibri data is noted for the 4- to 7-fold
ross-validations. The test accuracy of the DL detection network is 50%
or TNR data, and 52% for both Arial and Calibri data for 100 hidden
nits of BiLSTM layer and resampling using 5-fold cross.-validation.
hese number changes to 71% for TNR data, and 68% for both Arial
nd Calibri data when the hidden units of BiLSTM layer are increased
o 150 with same 5-fold cross-validation.

The highest test accuracy of 75% and 74% is recorded with a 7-
old cross-validation and 100 hidden units of the BiLSTM layer for the
NR and Calibri data, respectively. However, the Arial data shows a
aximum accuracy of 79% when data resampling is done using a 10-

old cross-validation with 150 hidden units and 1000 maxEpoches of
he BiLSTM network. These maximum accuracies are observed under
ifferent network settings (see Fig. 20). The change in font type of
rabic letter tags modifies the multidimensional detection and iden-

ification problem, since totally different resonance dips are recorded
or each letter tag as illustrated in Section 2. This requires variations
n network settings, as well as the folding rate in the k-fold cross-
alidation to get the highest possible test accuracy for different classes
f input data.
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Fig. 21. Comparison of test accuracies when utilizing k-fold cross-validation with different network settings for combined all font types and sizes data.
.4. Impact of combined data on network performance with cross-validation

The previous experiments utilized each font type with all sizes
elonging to it. Next, we combine all font sizes and types to test the
hole data set as illustrated in Fig. 19. This experiment (Exp. 8) dataset

onsists of horizontal and vertical RCS results of three font types and all
3 font sizes per font type. Thus the total size of the input data becomes
(28 × 13 × 1001 × 2)] × 3. The combination of data ensures that the
ystem will classify Arabic RFID tags based on the information given on
ny letter tag with any of the three font types and 13 font sizes. This
valuation will give a good indication about the ability of the system
o detect Arabic alphabet tags irrespective of the trained or new data
amples.

First, the analysis of this mixed dataset of all font types and sizes is
erformed using k-fold cross-validation, which is referred to as exper-
ment 8. Again we repeated this experiment using different settings of
he BiLSTM layers in terms of the variations in hidden units and number
f maxEpochs. The objective was to obtain optimal network settings
hat ensure the highest test accuracy. The comparison of the obtained
est accuracies for the two optimal network settings i.e. hidden units of
50 and maxEpochs of 1000/1200, is shown in Fig. 21. The network
as also tested under various other network settings, but only major

esults are reported here for brevity.
We can notice from Fig. 21 that mixing of the all font types and sizes

s input of the proposed DL system enhances its overall classification
ccuracies when compared with the earlier results of separate font
ypes data (Experiments 5–7). For these experiments, the highest test
ccuracy of 83% was recorded in 9th fold. This was obtained with
25 hidden units of the BiLSTM layer and a maximum limitation of
000 epochs. The increase of maxEpochs to 1200 further increases
he testing time and computational cost of the network but did not
ring a significant improvement to the accuracy level as compared
o same network settings with maximum epochs of 1000. Fig. 22
resents the confusion matrix for the best performance obtained in
lassifying Arabic letter tags of different fonts and sizes using a 10-fold
ross-validation.

Lastly, the network validation setting was changed to Leave-One-
ut Cross-Validation (LOOCV), and experiment 9 is repeated with this

etting to find an optimal solution. LOOCV is referred as the logical
xtreme of k-Fold cross validation where k becomes the total number of
ata points (N) in the analyzed dataset. Fig. 23 compares the network
erformance for the two optimized network settings. The classifica-
ion accuracy varies with the change in the number of iterations of
12
Table 4
Comparison of training and test (classification) accuracies of Table 3 experiments.

Experiment Time elapsed in minutes Training accuracy Test accuracy

1 25 88.32% 29%
2 30 90.87% 64%
3 32 90.33% 75%
4 29 80.08% 65%
5 45 88.5% 70.5%
6 33 94.12% 75%
7 31 92.5% 74%
8 380 93.42% 83%
9 741 96.85% 89%

LOOCV for both network settings. The iteration 12 produces a superior
accuracy of 89% when the network is trained with 125 hidden units
of BiLSTM layer and maxEpochs of 1200. The reduction of maxEep-
ochs to 1000 makes the classification system relatively computational
inexpensive with on-average 2%–3% reduction in the classification
accuracy as illustrated in Fig. 23. The comparison of Figs. 21 and 23
reflects that LOOCV validation outperforms the k-fold cross-validation.
The confusion matrix for this overall best performance of the realized
classification network of Arabic letter tags is shown in Fig. 24. This
network can classify the 28 Arabic letter tags of any font type from
Arial, TNR, and Calibri with any size from 16 mm to 28 mm with 89%
accuracy.

The comparison of training and classification (test) accuracies for all
conducted experiments is given in Table 4. It can be observed that the
richness of the data increases both the training and the test accuracies
as we moved to the data of Experiments 8 and 9. However, utilizing
LOOCV makes the network computationally expensive compared to
k-fold cross-validation.

5. Discussion and analysis

The underlined classification problem of Arabic RFID tags of various
fonts and sizes is considered a multiclass classification problem. The
performance of the designed model will vary due to the mapping
features (resonances) of the tags with different shapes and sizes in
this multidimensional classification problem. The standard machine
learning technique can be used with outstanding performance when
dealing with binary classification problems but may not be useful when
the number of classes (28) is high, as in this work. A comparison of
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Fig. 22. Confusion matrix for the best performance of classifying Arabic RFID tags using all font types and all font sizes using 10-Fold cross-validation.
Fig. 23. Comparison of test accuracies when utilizing LOOCV with different network settings for combined dataset.
he accuracies obtained using traditional machine learning techniques
uch as SVM, decision tree, and KNN with the proposed model is shown
n Table 5. This comparison is made for the various experiments in
able 3. The classification accuracy for different experiments using
hese techniques is very low compared to the results achieved using
he proposed Bi-LSTM network. This comparison reflects that the choice
f the appropriate machine or deep learning classification algorithm is
ighly dependent on the characteristics of the data.

The analysis of the confusion matrices provides more insight into
he characteristics (tags) that are poorly attributing to the achieved
aximum 89% accuracy using all tags data. It can be seen from Figs. 22

nd 24 that there are some tags such as , , which remains
13
undetected and reduce the overall classification precision. The highest
precision of 89% was obtained using LOOCV (experiment 9) for the
confusion matrix of Fig. 24. For further analysis, we removed these
undetected tags from our dataset and repeated experiment 9 with same
learning rate of 0.01. With the adjustment of the network hyper-
parameters with different BiLSTM settings, we were able to achieve a
classification accuracy of up to 96% as illustrated in Fig. 25.

Besides the analysis of the impact of some undetected tags on
classification accuracy, we noticed from the confusion matrices of each
font type alone (not shown here for brevity) in experiments 2, 3, and
7 that the size of tags too impact the achieved accuracy levels. The
smaller size tags (i.e. size 16, 17, and 18) are detected with lower



J. Yousaf, A.M.A. Abed, H. Zia et al. Engineering Applications of Artificial Intelligence 122 (2023) 106147
Fig. 24. Confusion matrix for the best performance of classifying Arabic RFID tags using all font types and all font sizes using Leave-One-Out Cross-Validation (LOOCV).
Table 5
Summary of performance analysis using different machine learning techniques with proposed Bi-LSTM network approach.

Using k-Fold Cross Validation

Data Set SVM Tree KNN Proposed BiLSTM

Time New Roman Only (Experiment-3) 3.40% 14.40% 12.60% −%
Arial Only (Experiment-6) 3.20% 16.30% 12.40% 79 %
Calibri Only (Experiment-7) 2.60% 14.60% 9.50% 70 %

Using k-Fold Cross Validation

All Fonts Combined (Experiment-8) 6.40% 17.30% 27.40% 83%

Using LOOCV Cross Validation
All Fonts Combined (Experiment-9) 6.20% 16.30% 26.80% 89%
Table 6
Summary of the effect of removing smaller font sizes on detection
accuracy with a change in network settings (learning rate: 0.001).

Data set Fold Test accuracy

Remove size 16, 17, 18, 19 11 92% ±5.7
Remove size 16, 17, 18 35 85%±2.4
Remove size 19, 20 35 85% ±1.3

accuracy compared to the larger size tags (i.e. size 26, 27, and 28).
It is because these smaller tags have fewer resonance peaks compared
14
to larger size tags as can be seen in Figs. 7, 8, 9, 10 curves for
smaller tag sizes. As the analyzed frequency range is fixed for all tag
sizes i.e. from 1–12 GHz, the reduction of size of the tag shifts its
resonance spectrum to a higher frequency range outside of the analyzed
frequency band. This causes lower detection accuracy for such cases.
Therefore, we decided to remove these smaller fonts and rerun the test.
Table 6 summarizes the detection accuracy results for these conducted
experiments where these smaller sizes tags are removed in a subsequent
fashion. The precision was increased to 92% by removing font sizes
16, 17, 18, and 19 from the data set. The analysis concludes that the
overall test accuracy of all analyzed tags of different font sizes and font
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Fig. 25. Test accuracy results of tag detection after removing four tags ( , , , ) from the data set in different hyper-parameters setting.
Table 7
Comparison of performance measure of different experiments.

Dataset Fold Sensitivity Specificity F1-Score Accuracy FAR

All data Combined (Exp. 8) 10-Fold CV 79.7% ±2.5% 92% ±1.9% 79.5% ±2.3% 81.5% ±1.2% 8% ±1.9%
All data Combined (Exp. 9) LOOCV 83.9% ±3.1% 82.6% ±2.9% 85.7% ±2.9% 88.8% ±1.1% 16.1% ±3.1%
All data without 4 unknown tags , , , LOOCV 94.06% ±7.5% 92.05% ±6.3% 95.53% ±4.2% 96% ±5.1% % 7.95% ±6.3%
All data without smaller font sizes (16, 17, 18) LOOCV 91.07% ±4.3% 90.82% ±2.1% 79.88% ±3.7% 92% ±5.7% 9.18% ±2.1%
All data without smaller font sizes (19,20) LOOCV 83% ±1.9% 82.96% ±1.4% 81.05% ±2.9% 85% ±1.3% 17.04% ±1.4%
types can be enhanced by increasing the frequency range of analyzed
spectrum.

In addition, the performance of the proposed DL model is character-
ized in terms of performance metrics such as sensitivity, specificity, F1
score, accuracy and false acceptance rate (positive) (FAR). These met-
rics are computed using the obtained true positive (TP), true negative
(TN), false positive (FP), and false negative (FN) results. True positive
(TP) is defined when the prediction is positive for the specific font type
and size tag that must be identified. The negative predication for the
non-presence of the specific font type and size tag is referred to as
true negative (TN). False positive (FP) is referred to the case where
the prediction of specific font type and size tag is positive while that
tag is not present at the input and vice versa for the case of False
negative (FN). These results are taken from the confusion matrix for
each case. Table 7 presents the performance comparison of the all major
conducted experiments.

It has been confirmed through the comprehensive analysis presented
in Tables 5, 6, and 7 that the role of the appropriate choice of the
classification model and the range of the RCS spectrum is vital to the
increased precision of all tags. The number of resonance features is
lower for the electrically smaller font size tags as compared to the
larger size tags because of the analyzed frequency range of 1 to 12 GHz.
This becomes the reason for the reduction in overall detection accuracy
due to these tags, as summarized in Table 6. This limitation could be
addressed by generating the new RCS characteristics of all tags for the
wider frequency band.

The undertaken classification problem of Arabic RFID tags of vari-
ous fonts and sizes is a multi-class classification problem that requires
a classification technique that can learn long term dependencies. The
proposed Bi-LSTM, compared to other methods such as SVM, KNN,
and decision trees, classified the data with much higher accuracy for
such multiclass data. With optimized hyperparameters and removal of
lower font size tags, a classification accuracy of 96% was achieved.
However, LSTM takes longer to train and requires more memory. We

were able to overcome this problem by running the model on a GPU.

15
Also, LSTM models are sensitive to different random weight initial-
izations and are easy to overfit. Additionally, the model may struggle
to capture long-term dependencies in the data and may not work
well with rare or out-of-vocabulary words, as we have noticed for the
smaller font-size tags in our study. The model also may have difficulty
dealing with imbalanced data, and may require a large amount of
data to train effectively. These limitations could be addressed through
the combinations of various solutions such as attention mechanism,
pre-training, combining multiple Bi-LSTM models through ensembling
with reduction of overfitting, tuning of model parameters using the
global optimization technique, regularization, model interpretability,
data augmentation, and other architectures as future work.

6. Conclusion

This work has proposed a robust reader (tag detection and clas-
sification) system for chipless Arabic RFID letter tags. The developed
systems based on Bi-LSTM network can classify all 28 Arabic alphabet
tags with three different font types (Arial, Calibri, and Times New
Roman) and 13 different font sizes (16 mm–28 mm with a step size of
1 mm). The study explained how the font size (or font type) of the tag
could affect its signature resonance characteristics and makes the use
of conventional phase/frequency modulation techniques cumbersome
for all such letter tags. The proposed BiLSTM-based reader system
analyzed the monostatic co- and cross-polar RCS characteristics of all
tags for the accurate identification of each tag irrespective of its font
type or size. As some Arabic letters differ by only point (s), testing
of proposed network with combined data set of all fonts and sizes
reported an accuracy of 89% that can be further enhanced to 96% with
the ablation of lower sizes tags. The compared conventional machine
learning methods (SVM, Tree, KNN) produces very low accuracy (max.
27.4% with KNN) because of features mapping (resonances) of the
tags with different shapes and sizes in the underline multidimensional
classification problem. In addition to letter tags detection, the proposed

approach has the potential for application in other areas, such as
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converting document images into digital documents, text detection in
images, document/cheque security, product advertisements, and also
for use in autonomous vehicles to read license plates.
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