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1 Introduction
Many parcels and commercial products are labeled with mul-

tiple 1D and/or 2D barcodes as shown in Fig. 1. Each barcode
is given a dedicated role in its business context such as purchase
order identification for business transaction and shipping con-
tainer code for transportation. Therefore, human operator or
interrogating machine needs to capture an appropriate barcode
depending on the business context. Such selective capture is
often realized by confining the capture area or adjusting the ori-
entation of the object to which a barcode is attached. But such
workaround demands human intervention, which slows down
the operation.

Figure1: Example of a parcel labelled with multiple barcodes

A barcode comprises a data carrier and an identification
key[1]. A data carrier is a graphical representation of an iden-
tification key using elemental bars and squares. Popular data
carriers are, for example, EAN-13, CODE-128, Data matrix
and QR-code. Data carrier is encoded with an identification
key such as Global Trade Item Number (GTIN), Serialized
Shipment Container Code (SSCC) and Global Returnable As-
set Identifier (GRAI). As the combinations of data carrier and
identification key are regulated in [1], a desired identification
key can be extracted after simultaneously capture multiple bar-
codes in an image. Such industrial demands trigger the research
on multiple barcodes capture[2]-[5].

Multiple barcodes capture comprises two phases, barcode
detection and barcode decoding[2]. Traditional methods for the
barcode detection is to use an edge detection and morpholog-
ical transformation[2, 3]. Zhou[6] proposes to detect the ro-
tation of barcode candidate area by accumulating the contour
lines of barcode stripes. The accumulator results are also used
to detect multiple barcodes in an image. As the image feature
of barcode is naturally a cluster of parallel lines and squares, a
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traditional barcode detection usually handles also the determi-
nation of barcode rotation.

The use of object detection using deep learning becomes
popular in barcode detection field[3, 4, 7]. Although deep
learning can handle even rotated bounding boxes[5], the detec-
tion of rotated bounding boxes requires a regression analysis,
necessitating a large amount of training data of various aspect
ratio and rotation angles. As a deterministic barcode decoding
is needed even after a deep-learning-based barcode detection, a
reasonable compromise is to apply a traditional image process-
ing using morphological transformation to determine its rota-
tion with respect to a horizontal bounding box after a barcode
detection using a deep learning as in [3].

In this study, we reveal that the determination of a barcode
rotation in a horizontal bounding box dominates the computa-
tion time and the decoding accuracy when we apply a tradi-
tional morphological transformation method. To counter this
problem, we propose a rotation angle determination technique
using two-dimensional Fast Fourier Transform (2D FFT) fol-
lowing the object detection with Single Shot Multibox Detec-
tor (SSD). While the application of 2D FFT for rotation an-
gle determination has been used in essentially square character
recognition[8], its naive application to rectangular images re-
sults in an erroneous rotation angle. We solve the problem by
introducing a geometric compensation technique to 2D FFT.

To evaluate the effectiveness of the 2D FFT, we compare the
speed of rotation angle determination using 2D FFT with that
of a morphological transform-based approach. Further, the 2D
FFT method is integrated into a barcode capture system with
a SSD based barcode detection with horizontal bounding-box
and a custom barcode decoding module written in MATLAB.
It was revealed that 2D FFT significantly outperforms the mor-
phological transform in terms of speed and accuracy, making it
a more efficient choice for barcode rotation angle determination
and decoding.

The contributions of this paper are summarized as follows.

• The invention of 2D FFT based barcode rotation angle
determination, achieving 15 times faster than the existing
method.

• It is revealed that preparing multiple scanline contributes
to the decoding accuracy.

• The whole barcode capture system using the combination
of deep learning based object detection and 2D FFT out-
performs a traditional method by seven and two times in
terms of speed and decoding accuracy, respectively.

The rest of this paper is organized as follows. In Section 2,
the whole procedure to detect and decode barcodes from a nat-
ural image is explained. In Section 3, the proposal is evaluated
using 215 ArTe-Lab[9] barcode dataset. Section 4 concludes
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this paper.

2 Methodology

2.1 Rotation Angle Determination with 2D FFT
2.1.1 Principle

After the object detection using SSD, the major portion in a
horizontal bounding box is occupied by an (M × N) image of a
𝜃 rotated barcode, which comprises parallel lines either in 1D
or 2D barcode as shown in Fig. 2. When we focus on horizontal
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Figure2: A simplified image of barcode in a bounding box

two scan lines 𝑦𝑛, 𝑦𝑛+𝑑 at n-th and (n+d)-th vertical pixels, they
are shifted by 𝑑 sin 𝜃 in the x direction such that

𝑦𝑛+𝑑 (𝑥) = 𝑦𝑛 (𝑥 − 𝑑 sin(𝜃)) (1)

Fourier transform of (1) is given as

𝑌𝑛+𝑑 (𝜔𝑥) = 𝑌𝑛 (𝜔𝑥)𝑒− 𝑗𝜔𝑥𝑑 sin(𝜃 ) , (2)

where 𝑌𝑛 (𝜔𝑥) is the Fourier transform of 𝑦𝑛 (𝑥) in the horizon-
tal axis. This linear phase delay in the frequency domain is
essentially the group delay. Similarly, vertical two scan lines
𝑥𝑚, 𝑥𝑚+𝑐 produce the following Fourier transform in the verti-
cal axis.

𝑋𝑚+𝑐 (𝜔𝑦) = 𝑋𝑚 (𝜔𝑦)𝑒− 𝑗𝜔𝑦𝑐 cos(𝜃 ) (3)

Therefore, a rotated barcode image produces a strong group
delay component in its frequency domain signal depending on
the rotation angle 𝜃. Fig. 3 depicts a normalized spectrum (left)
and the corresponding rectangular image (right). The 2D FFT
produces strong components both horizontal and vertical axes
in the frequency domain.

(a) After 2D FFT (b) Original barcode image

Figure3: 2D FFT of barcode

This group delay characteristics work also for 2D barcode
image as shown in Fig. 4.

After 2D FFTOriginal 1D barcodeAfter 2D FFTOriginal 2D barcode

Figure4: 2D FFT of 2D and 1D barcodes.

2.1.2 Geometric compensation
As the unit normalized frequencies in horizontal and vertical

axes are 2𝜋
𝑀 and 2𝜋

𝑁 , respectively, the physical rotation angle
of the barcode, denoted as 𝜃, can be inferred from the group
delay measurement in the frequency domain as illustrated in
(4). Here, 𝑀 , 𝑁 , and Θ represent the horizontal and vertical
pixel counts and the rotation angle in the frequency domain,
respectively.

𝜃 = tan−1
( sinΘ
cosΘ × 𝑀

𝑁

)
(4)

This is referred to as geometric compensation in this paper.

2.1.3 Group delay determination from 2D FFT result
The dominant group delay angle Θ is calculated from a 2D

FFT result using Hough transform and k means cluster analysis.

Hough Transform is a feature extraction technique commonly
used in image processing and computer vision for the detection
of regular shapes such as lines, circles or ellipses[10]. After
performing a 2D FFT on a barcode image, Hough transform
is applied. This converts the image from Cartesian space to
Hough space as in Fig. 5a, thereby locating the two bright lines
in the magnitude spectrum as in Fig. 5b.

(a) Hough space (b) Detected lines

Figure5: Hough transform result

Hough transform of 2D FFT barcode image often produces
similar but distinct lines. To merge similar Hough lines into the
principal two lines, three class weighted k means cluster analy-
sis was applied. The principal two lines represent the sinΘ and
cosΘ directions. The third class was needed to classify lines
produced by noise.

2.1.4 Scanline shift and bi-direction scanning
The dataset [9] contains numerous barcode images affected

by various factors, including reflections, pen markings, and ob-
structions from other objects. These issues partially obscure
the barcode lines, thereby posing challenges to the accuracy
of barcode decoding. Therefore, to enhance the decoding suc-
cess rate, we produce multiple candidate scanlines by vertically
shifting the nominal scanline. This adjustment aims to choose
the best scanline which preserves the integrity of the stripes.
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For instance, as illustrated in Fig. 6, in scenarios involving in-
terfering elements such as reflections and obstructions, a scan-
line exhibiting a complete transition between black and white
can be chosen and used in the subsequent decoding.

(a) Reflection (b) Obstruction

Figure6: Barcodes with interfere elements

Additionally, in instances where the barcode is in an upside-
down appearance, conventional left-to-right decoding along the
scanline produces a false check digits. Consequently, as demon-
strated in Fig. 7, it is necessary to decode by examine the scan-
line from both directions.

Figure7: Decode along scanline from both sides

2.2 Barcode Detection with SSD
Although this is not our novelty to use a deep learning based

barcode detection from a natural image, the barcode detection
with SSD is explained for the self-completeness of this paper.

Using a transfer learning, a pre-trained SSD detector[11],
originally trained to detect vehicles, was used along with a 1D
barcode dataset from ArTe-Lab[9] to train the network to detect
horizontally located bounding boxes. In this training, ResNet-
50 was utilized for feature extraction, with the classification
layers removed due to the homogeneity of the dataset, which
exclusively comprises EAN-13 barcodes without other types
such as Code 128 or QR codes. To enhance the robustness of
the backbone network, 7 additional convolution layers were in-
corporated. The Image Labeler[12] from MATLAB Apps was
used to label the bounding boxes of barcodes from natural im-
ages, providing the ground truth data. The entire dataset of
215 images was used, with 60% of the images serving as the
training data to train the network and 40% as the testing data
to evaluate the precision of trained detector. Data augmenta-
tion was utilized to enhance network accuracy by introducing
variability into the training data through random transforma-
tions, such as horizontal flipping, scaling, and color jitters of

images. This approach increased the diversity of the training
data without requiring additional labeled samples. The aver-
age precision metric was used to evaluate the performance of
the trained detector, achieving an average precision of 0.82, as
shown in Fig. 8.The precision-recall (PR) curve highlights how
precise a detector is at varying levels of recall[11]. For the SSD
detector, the total detection time of horizontal bounding box
for 215 images was 17.02 seconds, with an average detection
time of 0.079 seconds per image. These results demonstrate
the efficiency of the SSD model in real-time barcode detection
applications, maintaining high performance even under rapid
processing demands. Furthermore, this underscores the advan-
tages of utilizing deep learning techniques in barcode detection,
such as enhanced detection accuracy and adaptability to vary-
ing environmental conditions. These characteristics are crucial
for the development of robust automated systems that require
minimal human intervention.

Figure8: Precision-recall (PR) curve

Applying the trained detector to the images in the dataset al-
lows for the cropping of detected bounding boxes, resulting in
a new dataset where barcodes occupy the major central area of
each image Fig. 9a. This new dataset is then used for the subse-
quent steps of rotation angle determination and decoding. With
this detector, it is possible to individually detect multiple bar-
codes within one image, as illustrated in Fig. 9b.

(a) Single Barcode in one image (b) Multiple Barcodes in one
image

Figure9: Barcodes and bounding boxes detected by SSD

The yellow rectangle represents the detected bounding box,
indicating the location of the barcode. The number associated
with this bounding box denotes the confidence score, a proba-
bility value ranging from 0 to 1 that indicates the likelihood of
the detected object being correctly classified.
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This means for a single image contains 4 barcodes, the SSD
detector is capable of cropping out all 4 barcodes simultane-
ously and proceeding in parallel with subsequent rotation an-
gle detection and decoding. Consequently, the average time for
barcode bounding box detection using SSD would reduce to ap-
proximately 0.02 seconds.
2.3 Rotation Angle Determination with morpholog-

ical transform
In this study, morphological transformations serve as the

baseline to evaluate the efficacy of 2D Fast Fourier Transforma-
tions (2D FFT). There are two basic morphological operators,
erosion and dilation[13]. Erosion is performed using a struc-
tural element― typically a small rectangle or circle― applied
pixel-by-pixel across the image. A pixel in the original image is
retained only if all pixels under the structural element are fore-
ground pixels.This process gradually diminishes areas not fully
covered by the structural element, thereby eliminating finer im-
age features and isolated pixels. Therefore, by repeatedly erod-
ing barcode images, noise around the barcode and small frac-
tures can be effectively removed, filling the white gaps between
the black bars to fill the barcode region into an unified entity as
in Fig. 10.

Figure10: Barcodes image after morphological transform

The accuracy of morphological transformations heavily re-
lies on the times of erosion, making it a time-intensive process.
Subsequent to the morphological Transformations, edge detec-
tion is applied to the modified barcode region to delineate the
bounding box as in Fig. 11. A decoding module, analogous to
that employed in 2D FFT analyses, is then integrated, enabling
effective barcode detection.

Figure11: Bounding box detected by morphological transfor-
mation

Furthermore, the orientation of barcode identified by mor-
phological transformation is determined based on the bound-
ing boxes rather than the barcodes themselves. This indirect
method prevents scanlines from accurately aligning with the ac-
tual rotation angles of the barcodes, consequently degrading the
failure rate.

3 Performance evaluation
This study initially examines the detection times using the

SSD technique, detailed in Subsection 2.2. Subsequent analysis
conducts performance evaluation of 2D FFT explained in Sub-
section 2.1 compared with a baseline performance produced
with morphological transform in Subsection2.3. The perfor-
mance is quantified in terms of processing speed and decoding
accuracy.

The performance comparison was done with MacBook Air
with 4.05 GHz clock speed and 16 GB memory. The whole
software was built with MATLAB 2024.

3.1 SSD Detection Times for Multiple Barcodes
An analysis of detection time variations reveals that the cur-

rent SSD detector adeptly identifies up to four barcode bound-
ing boxes concurrently within an image. Notably, the detection
time increase minimally as the number of barcodes present es-
calates. This finding highlights the SSD detector’s capability to
manage multiple targets simultaneously, significantly reducing
the overall decoding time, as illustrated in Fig. 12.

Figure12: Detection time variation for multiple barcodes with
SSD

This observation implies that as the number of barcodes
within an image increases, the overall processing time per bar-
code decreases. Assuming the number of barcodes is 𝑁 , the
total processing time can be expressed as SSD

𝑁 + 2D FFT +
decoding. Considering that the time for SSD detection remains
nearly constant, the overall time per barcode diminishes with
increasing 𝑁 . This efficiency illustrates the effectiveness of the
SSD detector in maintaining consistent detection times even as
the workload increases.
3.2 2D FFT contribution to determine the rotation

angle
Each of the 215 images in the dataset[9] was analyzed us-

ing both methods to measure the time required to determine the
barcode rotation angles. The findings are presented in Fig. 13.
The result reveals that the average time to produce decoded data
of 2D FFT is 0.015 seconds, whereas that of the Morphologi-
cal Transform was 0.235 seconds. This indicates that 2D FFT
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significantly improves the processing time by approximately 15
times compared with that of the morphological transformation.

Figure13: Processing time consumed by rotation angle deter-
mination of 215 dataset

The total processing time per image of both methods is fur-
ther analyzed to reveal which segment of the computation dom-
inate the total processing time.

The result is shown in Fig. 14. In the morphological trans-
formation, the dominant segment is ”Morph”. The result shows
that the total time for 2D FFT is 0.038 seconds, while mor-
phological transform requires 0.265 seconds, approximately 7
times longer.

(a) 2D FFT

(b) Morphological

Figure14: Segment duration

3.3 Accuracy comparison
In case of the erroneous detection of bounding box or the fail-

ure of rotation angle recovery, the decoding produces erroneous
result which can be evaluated by an error checking facility. 1D
barcodes, such as EAN-13 and CODE 128 are usually protected

with a check digit. 2D barcodes, such as QR code and Data ma-
trix are protected with a CRC.

Through the analysis and implementation of the methods de-
scribed in Subsection 2.2 and Subsubsection 2.1.4, which in-
volve detecting the position of multiple bounding boxes and im-
plementing scanline-shifting and bi-directional decoding, the
decoding accuracy has improved from 54% to 82% incremen-
tally, as illustrated in Fig. 15.

Figure15: Stepwise improvement in accuracy

Fig. 16 provides the accuracy comparison of the two meth-
ods, showing that the accuracy of the 2D FFT method is approx-
imately 82%, while that of the morphological transformation
method is 34%.

Figure16: Accuracy comparison

The results are also presented in the confusion matrix in Ta-
ble ??, which contrasts the classification accuracies of the two
methods. This matrix clearly illustrates the number of images
correctly classified by both methods, as well as discrepancies
between them, allowing for a straightforward assessment of
their performance.

morphological
TRUE FALSE

2D FFT TRUE 63 114
FALSE 8 30

Table1: Confusion matrix of 2D FFT and morphological trans-
form

Upon analyzing the 215 images from dataset [9], that failed
to decode, it was found that, among the 39 images where the
2D FFT method failed, 7 images were incorrectly cropped by
the SSD detector, indicating inaccuracies in the bounding box
positioning and resulting in the barcode region being partially
excluded. For 1D barcodes, missing lines inevitably lead to
read failures. The precision of deep learning can be improved
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by using larger dataset as training data. The remaining 32 im-
ages failed to decode due to blurriness or distortion, causing the
color transitions on the scanlines to be unclear and leading to
incorrect ratios.

Analyzing the failure cases of the morphological transforma-
tion method revealed that most failures were due to insufficient
iterations of dilation or erosion resulting in incomplete filling of
gaps between barcode lines. This led to deep recursion causing
stack overflow. However, increasing the times of morphologi-
cal transformations would further extend the processing time,
creating a trade-off between execution time and accuracy.

4 Conclusion
In order to capture and decode multiple barcodes in a natu-

ral image, deep learning based methods, such as SSD, can pro-
duce horizontal bounding boxes with about 120 training data.
Furthermore, utilizing SSD for simultaneous detection of 4 bar-
code bounding boxes in one image can reduce the average de-
tection time from 0.079s to 0.02s. The utilization of methods
enhancing scanline detection has increased the accuracy in 2D
FFT from 54% to 82%. Determination of the rotation angle of
a barcode within a horizontal bounding box can be effectively
handled by the proposed 2D FFT with the geometric compen-
sation. The proposal outperforms the traditional morphologi-
cal transform based rotation determination methods. Preparing
multiple candidate sanlines contributes the accuracy revealing
the robustness to image noise and obscurement. The evaluation
demonstrates that 2D FFT method significantly accelerates the
processing time for rotation angle determination by 15 times,
and reduces the total processing time by 7 times. Moreover, the
accuracy was improved from 34% to 82%.
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