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Abstract

The Data Matrix is a barcode symbology originally designed for industrial needs. Today, its
symbols are increasingly found on everyday products such as pharmaceutical packaging, electronic
components, food labels, and clothing tags. This widespread usage presents a challenge: reading
Data Matrix symbols from images captured by mobile cameras in uncontrolled environments. The
reading process mainly consists of three steps, namely barcode localization, segmentation and
decoding. In this work, we focus on the precise localization and segmentation of Data Matrix
barcodes. We introduce a new method that involves the localization of the finder pattern using fast
Hough transform and subsequent iterative segmentation to extract the encoded message. Our
approach demonstrates superior localization quality, as measured by the mean Intersection over
Union metric (0.889), and achieves better recognition accuracy (0.903) compared to open—source
solutions for reading Data Matrix barcodes, such as libdmtx (0.665), ZXing (0.569), and ZXing—cpp
(0.858). Our method requires only 35 milliseconds for computations on an ARM device, enabling
real-time processing. It is significantly faster than libdmtx (10 seconds), ZXing (610 milliseconds),
although it is slightly slower than ZXing—cpp (6.65 milliseconds).
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Introduction

Designed to be machine—readable, barcodes are well-suited for transferring information to camera—equipped devices,
which has led to their widespread use and made barcode recognition on mobile devices a routine practice. It means that
modern barcode readers have to:

e  function effectively with images captured in uncontrolled conditions from mobile cameras,

e  operate on the user's devices without Internet access,

e  provide fast and accurate recognition.

It makes barcode recognition a challenging problem.

A general pipeline for barcode recognition through image processing was outlined as early as 1999 [1] and has not
conceptually changed since then. In summary, this pipeline consists of four steps: («) detecting the region of interest
(ROI), (b) precise localization of the barcode, (¢) segmenting the barcode, and (d) decoding the message.

There are many different types of barcodes, known as symbologies. Some of them, like QR codes, are common and
have extensive datasets available for training and testing recognition algorithms [2, 3, 4]. As a result, various practical
methods support working with QR codes and demonstrate high accuracy. However, for some symbologies, such as Data
Matrix (DMX) codes (see example in Fig. 1), the training and testing data are often limited or not publicly accessible
despite their growing usage among end—users. Today, these codes are commonly used in various applications and can be
found in pharmaceutical packaging, metal parts, clothing, bottles, and other products.

In this paper, we propose a new method for precise localization and consecutive grid extraction of Data Matrix
barcodes captured by mobile devices. By grid extraction, we refer to the process of mapping the segmented barcode region
onto its two—dimensional module grid. Of course, there are a number of existing methods. However, these methods have
only been thoroughly tested and compared for QR codes due to a lack of realistic public data for DMX codes. So, there
is limited experimental evidence on their accuracy and operating time in this problem. Fortunately, at the SPRA
2024 conference, the SE-DMTX-SYN-1000 dataset [5] was introduced. It contains semi—synthetic complex data for the
precise localization of Data Matrix codes, which can be used to estimate localization and decoding accuracy.

We propose a new method based on image processing techniques, which first localizes the DMX quadrilateral using
several approaches, including the fast Hough transform [6], and then applies iterative segmentation for bit matrix
extraction. We evaluate it on the SE-DMTX-SYN-1000 dataset and demonstrate high localization accuracy compared
to open—source libraries for reading barcodes, such as libdmtx, Zxing, and Zxing—cpp. The resulting decoding accuracy
is also superior to other methods. Moreover, our method has a competitive running time of about 35 ms on an ARM-
based device, which proves its value for mobile barcode recognition.
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b)
Fig. 1. a) The Data Matrix structure: finder pattern (ved) and timing pattern (green),
b) sample images from SE-DMTX-SYN—1000 dataset

Problem description

The instance of a barcode is known as a symbol. Its logical elements of dark and light colors are called modules. Each
of them contains one bit of information defined by color. The Data Matrix specification [7] includes two mandatory
groups of modules: the finding pattern (L—pattern) and the timing pattern. These elements are designed to establish the
orientation of the symbol. The orientation knowledge is necessary to correctly construct a matrix of module values and
decode the message. Also, the specification states the presence of the quiet zone, i.e., an area of plain color around the
Data Matrix symbol. This zone serves to simplify code detection. A standard structure of Data Matrix code is illustrated
in Fig. la.

This paper addresses the precise localization and bit matrix extraction for Data Matrix symbols within images captured
by a handheld camera. The camera is assumed to have no optical aberrations and can be modeled as a pinhole camera.
The Data Matrix symbol is expected to be visible and occupy at least 25 % of the image area. We can achieve it through
specific capturing conditions or a Data Matrix ROI detector, such as the one described in [8]. Also, we focus on the
common scenario where the Data Matrix symbols are on flat surfaces. It means the symbol's border in the image is a
convex quadrilateral [9].

We define the outcome of the precise localization process as an oriented quadrilateral Q = {p;, p2, p3, P4}, Where
p; € R? for j = {1, ...,4}. The vertices are ordered in a clockwise manner from the top—left to the bottom—left vertex
with respect to the barcode coordinate system. Let I represent the input image of the Data Matrix symbol. The
localization problem can then be formulated as follows:

LD =0, ()

where L is a localization method to be developed. The result of the localization step is subsequently used to calculate the
projective transform H such that

HG) =0 2

where G is a grid quadrilateral defined in the barcode coordinate system, corresponding to the unit square of the ideal
module grid. Applying H to grid nodes allows the construction of a distorted grid in the input image I, and further
estimates of module colors, which is the step of barcode segmentation. Finally, we obtain a matrix of 0's and 1's, i.e., a
bit matrix, encoding the DMX message.

Related work

Research on Data Matrix symbol localization includes classical image processing methods, as well as techniques based
on feature extraction and machine learning. Due to the widespread use of QR codes, the majority of published papers in
the literature focus on them. In contrast, there has been significantly less research on Data Matrix codes, although some
studies do address this topic. For instance, in [10], the author presented a method for locating and decoding industrial
Data Matrix codes.

Classical image processing techniques for Data Matrix symbol localization primarily leverage geometric
characteristics, focusing on finder pattern detection and contour analysis, because Data Matrix codes have a
distinguishable "L"—shaped finder pattern. Most studies require preliminary image binarization [11, 12, 13], simplifying
and accelerating recognition. However, binarization demands careful fine—tuning, which becomes challenging under
uncontrolled conditions typical of mobile cameras, including uneven illumination, flares, and projective distortions from
camera tilt or rotation [10] that reduce the effective resolution of barcode modules and make thresholding unreliable. To
avoid these issues, methods operating directly on grayscale images are preferable.

In 2021, Kollar and Pivarciova [14] comprehensively evaluated various methods that rely heavily on detecting finder
patterns either by binarization with subsequent connection of foreground points or by edge detection and connection of
edge points. Huang et al. [15] proposed techniques that detect solid finder pattern via line segment detector (LSD)
algorithm and employ barcode border fitting via Random Sample Consensus (RANSAC) [16] algorithm. Another
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approach for fitting a dotted timing pattern is to use Radon or Hough transforms that focus less on the connectivity of
segments. Thus, Donghong et al. [17] proposed an algorithm based on the Radon transform, and Chenguang et al. [1]
introduced an algorithm based on the Hough transform. But both noted for their high computational complexity. It can be
solved with the fast Hough Transform via Brady—Yong algorithm, which is widely used for computationally efficient
image processing [6, 18, 19, 20].

Feature—based methods utilize invariant or regional image features, including geometric, color, or gradient—based
descriptors [11]. Gradient-based features have been prominently employed for contour extraction and tracking due to
their robustness against environmental variability [12, 21]. Connected component clustering methods exploit the
rectangular shape of Data Matrix symbols to facilitate cluster rejection, streamlining localization tasks [10, 22].
Preliminary keypoint detection also reduces computational demands, improving method efficiency [23].

In recent years, machine learning approaches, in particular deep learning, have been introduced that demonstrate high
performance in complex scenarios. Dong and Zhang [12] presented a real-time localization algorithm in 2020. This
algorithm integrates classical contour detection with machine learning—based validation. It effectively detects multiple
Data Matrix symbols simultaneously. In 2023, Loh et al. [24] demonstrated the potential of hybrid strategies by integrating
deep learning—based object detection with YOLOVS and traditional image processing techniques, achieving both accuracy
and real-time capabilities suiTab. for industrial applications. In 2024, Xu et al. [25] combined YOLOv5-based coarse
localization with precise localization to detect L—shaped dashed edges accurately, significantly improving robustness
against interference and distortion. Similarly, Matuszczyk and Weichert [26] employed deep learning models for
recognizing low—contrast Data Matrix codes in additive manufacturing contexts, demonstrating superior accuracy over
traditional image processing techniques. Nevertheless, machine learning approaches require large labeled training
datasets, which are limited for Data Matrix barcodes. It means that images for these datasets are usually generated and
may lack real scenarios, like poor illumination, flares, low resolution, etc.

Moreover, neural network—based methods can slow down processing, which is often problematic for mobile devices.
On the other hand, Data Matrix codes possess excellent visual characteristics, making them easily distinguishable in
images. This quality makes classical methods still valuable for precise localization when the region of interest has already
been identified. A significant issue in existing research is the lack of comparisons using public data. In this paper, we
evaluate a classical approach to precise localization and segmentation of Data Matrix codes using a new public dataset,
SE-DMTX-SYN-1000. We demonstrate that this approach achieves high quality and speed, even when handling
complex data.

The proposed method
Precise localization

Here, we focus on the task of precise localization, assuming that the region of interest (ROI) has already been
identified. Further in text, methods work with either grayscale or binary images. Where binarization is mentioned, we use
two alternatives: global and hybrid. Global binarization uses a single threshold derived from the overall brightness
histogram of the image. This method is quick but can be sensitive to uneven lighting conditions. In contrast, hybrid
binarization divides the image into smaller blocks, calculates a local threshold for each block, and then merges the results.
This approach enhances robustness against shadows and brightness gradients.

Finder pattern detection

First, a segment detector is applied to a grayscale image to identify line segments. We use the Canny edge detector to identify
edges and apply minimum and maximum length restrictions. The detected segments are then grouped into pairs of finder pattern
candidates based on geometric criteria and subjected to three rejectors designed to eliminate false matches:

1. Length—based rejector

Both segments in a candidate pair (s;,S,) must have approximately equal lengths within a predefined tolerance:

(min(llsy 152 11)) 3)

(max(lisyliszI) Y

where || s; || and |l s, || are lengths of segments sy,s,, T; € (0,1] is the length ratio threshold. If the ratio of their
lengths exceeds the specified threshold, the pair is discarded.

2. Distance—based rejector

If the two segments s; and s, are positioned too far apart relative to each other, the pair is excluded from further
consideration, i.e., we require

p(s1,82) < Ty, 4)

where p is the minimum distance between segments.

3. Angle—based rejector

The angle between the straight lines on which the segments s;,s, lie is measured. If its value is not within the
specified range, then the pair is rejected. The following condition must hold:
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£(51,50) €[m/2 —Ty;m/2 + Ty 5)

for some threshold Tj,.
In practice, these three criteria are sufficient to remove the vast majority of unsuitable segment pairs, leaving only
those most likely to form valid finder patterns. An example is shown in Fig. 2.

F

(@) (b) N :

Fig. 2. Finder pattern detection example (binarized image): a) detected segments, b) finder pattern segments (green)
and rejected segments (red)

Quadrilateral extraction

To construct a complete quadrilateral from a detected finder pattern, we work with binarized images and use three
different approaches that are applied in cascade. Despite differences in implementations, all of these approaches share a
common initial stage. In the first step, the fourth vertex Py, (top-right corner) is computed from the three known vertices
of the L—pattern: Py (top—left corner), Py (bottom—left corner), and Py, (bottom-right corner) (see Fig. 3). The position
of the top—right corner is determined from the geometric relation

Py = Py + Py — Py (6)

R rfL

Fig. 3. Data Matrix quadrilateral with highlighted finder pattern

This is how an initial oriented quadrilateral is formed, which is then refined by three methods described below.

1. Edge refinement and intersection (CD1)

The initial quadrilateral is taken as the first approximation. The top and right edges are refined by searching along
them for black—white transitions, after which the corner is shifted to align with the detected boundary lines. The
intersection of refined edges defines the updated top—right corner P,.. Geometric proportion check

I P =Pyl < Il Pa—Pyllz/3 (7

and inside—image constraints are applied. If the conditions are not satisfied, the process terminates without producing a
result; if all checks pass, a single final quadrilateral is returned.

2. Rectangular search in a limited region with validation (CD2)

Rather than refining edges locally, an expanded region of interest is created, within which a white rectangular contour
corresponding to the quiet zone surrounding the Data Matrix code is identified under the assumption that the projective
distortions are small. The detected quadrilateral must satisfy several constraints: a white rectangular contour must be
present within the expanded region and its side length must satisfy [|-[|= 20 px. If any of these constraints fail, the original
quadrilateral from the L—pattern is used. If all passes, the detected contour is expanded by several small offsets,
transformed using the current geometric transformation, and multiple candidates are generated.

3. Fast Hough transform line detection and intersection (CD3)
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Two fixed regions of the image are selected: a top band and a right band. In each of them, the dominant straight line
is found using the fast Hough transform (Fig. 4). These lines are intersected with the corresponding edges of the initial
quadrilateral: the top line with the left and right edges to refine the top—left and top—right corners, and the right line with
the top and bottom edges to refine the top—right and bottom-right corners. If reliable detection (determined by the presence
of a distinct peak in the Hough space) of at least one of the lines fails, the original quadrilateral is used; exactly one result
is always produced.

Jr
Fig. 4. An example of CD3 corner detection method. Yellow lines were found with the fast Hough transform

The first variant refines edges locally and uses intersection with geometric and boundary checks, producing at most
one result. The second searches for a rectangle in a limited area, applies explicit scale and geometric constraints, and may
produce multiple expanded candidates. The third applies the fast Hough transform to detect two lines in fixed bands,
without scale or dimensional validation, and always produces exactly one result. Both the first and third variants rely on
intersections, but the first derives edges from local analysis, while the third obtains them via Hough detection in
predefined regions.

Then we finally adjust the corners by shifting Py, Py, along the diagonal PP, (and P along Py, P.) inside the
Data Matrix region until reaching foreground pixels, i.e. the pixels of the barcode modules that carry information. In such
a way, we can correct small corner position errors before further processing.

Symbol segmentation

At this stage, all detected quadrilaterals are segmented to extract bit matrices. We launch four different grid extractors
in cascade to obtain the encoded message, which is sent to the decoder. If the decoding is successful and the message
corresponds to the DMX code, we exit processing.

Before performing grid extraction, we need to determine the dimensions of the barcode, i.e., the number of modules
along its rows and columns, as well as the corresponding module size. In this stage, we estimate these parameters by
analyzing the binarized image and the detected quadrilateral borders of the code. We measure the number of black—to—
white transitions along the top and right edges of the quadrilateral, adjust the counts to match valid Data Matrix sizes, and
classify the code shape as either square or rectangular based on the ratio of these counts.

Grid extraction methods described below operate by mapping an ideal rectangular grid of size (w, h), where each cell
corresponds to one module of the Data Matrix code, onto the detected quadrilateral region in the source image. In the first
three methods, this mapping is implemented as a projective transformation, providing a geometric correspondence
between grid coordinates and image coordinates. The subsequent steps differ between methods in how they handle local
distortions, determine sampling positions within each cell, and decide the final binary value of the module.

1. Simple grid extractor (GE1)

The method receives a binarized source image S, the grid dimensions (w, h), and a projective transformation that
maps coordinates of an ideal rectangular grid to the detected quadrilateral in the source image. An "ideal" grid cell layout
is assumed, where each cell corresponds to one module of the Data Matrix code. For each grid cell, its geometric center
is projected into the source image, and the binary value of the cell is determined by inspecting the corresponding pixel in
S. This approach directly transfers the geometric structure of the ideal grid to the image, without attempting to correct for
potential local misalignments. It is simple and fast, and works well when the projective transformation is accurate and the
distortion of the printed or imaged code is minimal.

2. Adaptive grid extractor (GE2)

The method receives a binarized source image S, the grid dimensions (w, h), and a projective transformation mapping
the ideal grid to the detected quadrilateral in the source image. Unlike the simple grid extractor, here the extraction is
performed in a block—wise manner: the grid is divided into smaller contiguous regions according to the expected number
of rows and columns specified by the barcode version, and for each block an independent local projective transformation
is computed. This allows the method to correct local geometric distortions that cannot be fully compensated by a single
global transformation.
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Within each block, the sampling position for each grid cell is initially obtained by projecting its ideal location into the
source image. This position is then refined by adjusting it according to the observed characteristics of the local image
region, aiming to align more closely with the true center of the corresponding module. The results from all blocks are
merged into the final binary grid, benefiting from both local geometric corrections and adaptive sampling.

3. Grey grid extractor (GE3)

The method receives a grayscale image G, the grid dimensions (w, h), and a mapping between the ideal grid and the
detected quadrilateral in the source image. The grid is sampled in the grayscale domain rather than from a binarized
image, allowing the extraction process to account for subtle intensity variations before thresholding. For each grid cell,
the ideal cell center is projected into the source image, and the average grayscale value is computed over a small
neighborhood around this position to reduce noise.

The sampled grayscale grid is then locally thresholded: for each cell, its intensity is compared to the mean intensity
of its surrounding cells, and it is marked as black if it is darker than this local average. This local adaptive thresholding
makes the method more robust to uneven illumination, shadows, or gradual shading across the code, since binarization is
performed relative to the local background rather than using a constant global threshold.

4. Simplified adaptive grid extractor (GE4)

The method receives a binarized image S, the grid dimensions (w, h), and the detected quadrilateral in the source
image. It detects the grid structure to establish correspondences between ideal grid coordinates and their positions in the
source image, then divides the grid into blocks like the adaptive grid extractor. For each block, a local projective transform
maps the center of each cell to the source image, and the binary value at that location is copied into the output grid.

Experiments
Data and metrics

We are utilizing the recently introduced SE-DMTX-SYN-1000 dataset [5], which can be accessed at
ftp://smartengines.com/se—dmtx—syn—1000. This dataset includes Data Matrices that cover at least 25% of the total image
area. It comprises 1,000 barcodes set against naturally complex backgrounds, making it challenging for open—source
readers. Sample images from the dataset are displayed in Fig. 15.

To evaluate localization accuracy, we utilize the metrics outlined in [5]:

1. Mean Intersection Over Union (mlIoU)

The mean value of the Jaccard index is defined as:

area (QNM)
area (QUM)’

IoU (Q,M) =

where Q is the detected Data Matrix quadrilateral, and M is the ideal quadrilateral from the ground truth.
2. Mean Average Precision (mAP)
The rate of correctly detected barcode quadrilaterals determined for some IoU threshold T:

_ [{Q: 10U (Q.M)=T}|
mAP T ="
where Q defines the detected Data Matrix quadrilateral, and M is the ideal quadrilateral from the ground truth.
3. Mean Maximum Point Distance (mMPD)

Mean maximum distance between the corresponding vertices of Q and M computed in the coordinate system of Q:
MPD (Q,M) = max||r; — H(m;)||,r; ER,m; € M,
l
where R = {(0,0), (1,0), (1,1),(0,1)} is a unit square, M is quadrilateral from ground truth, and H is a homography to
transform Q into R: H(Q) = R. So, we estimate the maximum residual between the points of Q and M.

4. Recognition accuracy (ACC)
The rate of correctly decoded barcodes.

Experimental setup

We consider the following methods for Data Matrix localization and recognition:

. libdmtx [27] library,

e  Zxing [28] library,

e Zxing—cpp [29] library,

e  the proposed method.

We implemented the proposed method in C++ and integrated Zxing—cpp into it for decoding the bit matrix to estimate
the final recognition accuracy.

We launched the experiments on Jetson AGX Orin module with ARM Cortex—A78E v8.2 central processing unit for
time measurements.
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Method evaluation

The results of DMX processing are demonstrated in Tables 1, 2. The mloU values from Tab. 1 indicate that the
proposed method achieves the highest localization accuracy. It is followed by Zxing—cpp, libdmtx, and Zxing, which
were unable to localize a lot of DMX instances. In terms of mAP, all tested implementations achieve a perfect score
of 1.0 at the 0.7 threshold. At 0.9, libdmtx reaches 1.0, while Zxing—cpp and the proposed method achieve near—
perfect scores of 0.998 and 0.995, respectively. At the 0.95 threshold, Zxing—cpp leads with a score of 0.995. High
mAP values are also associated with low mMPD values. The accuracy is not so high: the highest value is 0.903 for
our method, 0.858 for Zxing—cpp, whereas others are significantly lower. Fig. 5 demonstrates some examples where
Zxing—cpp failed to recognize but the proposed method (version from the last row of Tab. 2) succeeded. Regarding
processing time, the proposed method is the second, with 34 ms, while Zxing—cpp operates in 6.65 ms. However,
Zxing takes 610 ms, and libdmtx takes 10310 ms, making them considerably slower. The substantial delay observed
with libdmtx may be attributed to its Python implementation and the possible non—optimal parameter setting that
leads to its inefficient processing time.

Tab. 1. The quality of barcode readers on SE-DMTX-SYN-1000 dataset.

Library mloU mAPo.7 mAPo9 mAPo.95 mMPD ACC T, ms
Zxing 0.542 1.0 0.965 0.603 0.023 0.569 610
Zxing—cpp | 0.847 1.0 0.998 0.995 0.009 0.858 6.65
libdmtx 0.653 1.0 1.0 0.981 0.015 0.665 10310
Ours 0.889 1.0 0.996 0.987 0.066 0.903 34.31

Tab. 2. Quality evaluation of the proposed method variations on SE-DMTX-SYN-1000 dataset.

b1 D2 [ o3 G\l/EalnTmsGEZ GEs T GEa | ™loU | mAPur | mAP | mAPoss| mMPD | ACC | T,ms

v v v v v | 0827 | 10 1.0 | 0.9964 |0.06548| 0.839 | 21.16
v v v v v v | 0871 | 1.0 |0.9977 | 0.9898 |0.06616| 0.884 | 28.98
VRV IV 0853 | 1.0 | 0.9976 | 0.9896 [0.06551| 0.866 | 24.33
< v v v v 0871 | 1.0 |0.9988 | 0.9875 [0.06587| 0.884 | 27.78
VRV v v 0873 | 1.0 |0.9977 | 0.9864 [0.06584 | 0.886 | 28.14
VN BV v v v | 088 | 1.0 |0.9966 | 0.9878 [0.06627| 0.903 | 34.31

Tab. 2 shows an ablation study of the proposed method. At first, we enable quadrilateral corner detectors sequentially
while keeping the grid extractor configuration fixed. It results in a gradual increase in quality, along with an increase in
runtime. Similarly, when the corner detectors are kept fixed and the grid extractors are enabled sequentially, we observe
the same trend. This suggests that all the described options effectively complement each other.

Overall, the evaluation demonstrates that the proposed method allowed us to noticeably increase localization and
recognition accuracy for natural-looking Data Matrix from uncontrolled environments.

TUUZS62Q

) OLE w alizow

Fig. 5. Examples of images that our method successfully recognized, whereas Zxing—cpp failed

Conclusion

In this paper, we proposed a new method for the accurate recognition of distorted Data Matrix symbols and
demonstrated its running time and quality using the publicly available dataset SE-DMTX-SYN-1000. We performed
finder pattern localization based on segment detection and used the fast Hough Transform to identify the quadrilateral of
the barcode. We extracted several quadrilateral candidates and processed them iteratively to extract bit matrices for further
decoding.

Experimental evaluation of localization accuracy and processing time on an ARM device demonstrated that our
method completes computations in just about 35 milliseconds, which is significantly faster than Zxing (610 milliseconds),
libdmtx (10 seconds), and slightly worse than Zxing—cpp (6.65 milliseconds). Additionally, our method demonstrated the
best results according to mean Intersection over Union (0.889) and final decoding accuracy (0.903).
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Our research indicates that classical image processing techniques can be effectively employed to locate Data Matrix
barcodes within complex datasets accurately. The processing speed on the ARM processor makes this approach well—
suited for real-time processing on modern mobile and edge devices.

The method also allows generalization to other barcode symbologies in the following way. The supporting elements
can be identified using symbology—specific methods, while segmentation and decoding can be accomplished using the
proposed method.

The main limitations of the proposed approach concern challenging scenarios with low—quality images. Since the
dataset used in our experiments does not contain extremely degraded samples, such cases were beyond the scope of this
study. Future work will include a more detailed error analysis and investigation of potential improvements.
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