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Abstract—This paper focuses on the optimization of frac-
tal ArUco marker detection and its integration into OpenCYV.
Traditional ArUco markers lack robustness in occluded and
distant scenes. By adopting a nested ArUco marker design
combined with a multi-stage detection algorithm, fractal ArUco
significantly improves detection and pose estimation capabilities
in complex environments. This study first analyzes the structural
characteristics and detection principles of fractal ArUco, with a
focus on key techniques based on FAST feature point detection
and FLANN matching, and proposes an optimized strategy based
on distance filtering to address the duplicate feature point issue
in existing implementations. In the OpenCYV integration scheme,
the third-party library picoflann is replaced with OpenCV’s built-
in FLANN module, reducing code complexity while maintaining
performance. Experimental comparisons show that the optimized
OpenCYV version achieves computational efficiency close to the
original nanofractal.h implementation (with only a 0.28%—
1.7% increase in processing time), while improving the number of
feature point matches by up to 28 %, with an extremely low false
match rate. Additionally, this study validates the effectiveness of
fractal ArUco in occluded scenarios. However, future work needs
to further optimize the feature point filtering and classification
algorithms to reduce mismatches.

Index Terms—Computer Vision; Machine Learning; Pose Es-
timation

I. INTRODUCTION
A. Background of ArUco Markers

Pose estimation is of great importance in many computer vi-
sion applications, such as robot navigation [I]] and augmented
reality [2]]. The core of this process lies in establishing the
correspondence between points in the real environment and
their projections on 2D images. Since this step is usually
rather complex, synthetic markers or fiducial markers are
commonly used to simplify the process.

1) Traditional ArUco Markers: Among them, the
ArUco [2] markers proposed and developed by Rafael Muiioz
and Sergio Garrido are one of the most popular fiducial
markers. The design of ArUco markers is based on binary
square fiducial markers, which can estimate camera pose by
relying on the four corner points of the black border provided
by a single marker. Its internal binary encoding design
provides strong robustness, enabling an error correction
mechanism by selecting candidates with a small Hamming
distance from the original code.

Fig. 1: Application of ArUco markers in robotic arm position-
ing scenarios.

2) Fractal ArUco Markers: Traditional ArUco markers
have been widely used for pose estimation in scenarios such
as robot navigation , drone localization , and augmented
reality, as shown in Fig. [T} Since traditional ArUco marker
detection relies on border detection, obtaining the corner
coordinates of the border to further perform pose estimation,
this approach has some limitations:

(1) Poor occlusion resistance: existing detection methods
perform poorly under occlusion. As long as one corner point
of the marker’s border is occluded, detection fails.

(2) Limited detection range: the detectable range is limited
by the marker size. Although large markers can be detected at
long distances, they may fail when the camera is close because
the marker cannot fully enter the field of view; small markers
are difficult to detect at long distances.

To address this, the ArUco development team proposed
a new type of marker, Fractal ArUco [4]. Compared with
traditional ArUco, fractal ArUco markers are more complex
in design, consisting of multiple ArUco markers of different
sizes nested together, and are not limited to relying on border
corner points for pose estimation. Therefore, they can achieve



robust detection under different distances and partial occlusion
conditions. Given the growing demand for their use (such
as pose estimation in drone delivery), integrating the fractal
ArUco marker functionality into the OpenCV library is a
beneficial task for the developer community.

B. OpenCV Integration Status

Due to the powerful functionality of ArUco markers, they
were ported to the OpenCV_contrib utility library as an
additional feature in the early stage of development, and were
continuously optimized, finally being officially merged into the
objdetect module of the OpenCV main library in December
2022. The ArUco module in the current OpenCV version
already has good performance, so OpenCV has not introduced
new feature updates to the ArUco module for several years.
However, as of now, the ArUco development team has had
multiple new design implementations in the ArUco direction,
some of which have already been widely adopted, such as
fractal ArUco. In addition, the issues proposed for resolution
in this year’s GSoC collaboration with OpenCV include the
merging of fractal ArUco functionality.

C. Research Objectives

This research aims to integrate the fractal ArUco marker
functionality into the objdetect module of the OpenCV library.
The most fundamental goal is to find a user-friendly, clearly
structured engineering design scheme while eliminating
external dependencies. Furthermore, this research is not lim-
ited to the engineering design and implementation, but will
also optimize the implementation of fractal ArUco function-
ality as much as possible. Before achieving these goals, it is
necessary to first gain a deep understanding of the architecture
of the OpenCV library and the principles of fractal ArUco
functionality. In addition, after completing the integration, a
test dataset and evaluation criteria tailored to this task need
to be designed to assess the existing implementation scheme
and the integrated optimized implementation scheme. The final
result should provide the OpenCV community with a well-
documented, high-performance, and highly extensible solu-
tion. This research benefits both developers and researchers
in the fields of computer vision and robotics.

D. Paper Organization

The subsequent chapters of this paper are summarized as
follows: Chapter 2 covers the theoretical and technical research
on fractal ArUco markers, providing a detailed analysis of
the structural characteristics and detection principles of fractal
ArUco, with emphasis on the implementation process of the
multi-stage detection algorithm, including key techniques such
as traditional edge and corner detection, feature point projec-
tion, sub-pixel refinement, feature point detection and match-
ing, and a comparative analysis of the technical implemen-
tation of existing fractal ArUco libraries; Chapter 3 presents
the OpenCV integration scheme design and implementation,
first proposing the module architecture design, then detailing

the specific implementation method of the FLANN mod-
ule replacement, and finally introducing the repair scheme
for the duplicate feature point anomaly; Chapter 4 covers
the experimental analysis and verification, first introducing
the experimental environment and dataset, then conducting
comprehensive evaluation of algorithm performance before
and after optimization from three dimensions—computational
efficiency, number of feature matches, and true positive rate—
through designed comparative experiments; Chapter 5 presents
conclusions and outlook, summarizing the research results
of this paper and pointing out possible future improvement
directions.

II. FRACTAL ARUCO MARKER THEORY
A. Structural Characteristics

In the paper Fractal Markers: A New Approach for Long-
Range Marker Pose Estimation Under Occlusion , the
authors explained the principles of fractal ArUco. Fractal
markers adopt a unique design of nesting multiple ArUco
codes, with each marker composed of multiple square sub-
markers. The markers contain three key parts: the black border
for fast detection and localization, the coding region storing
binary IDs (where black and white squares represent 0 and 1),
and the white isolation band ensuring independent detection
of inner-layer markers, as shown in Fig. |Z| and Fig. @
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Fig. 2: In the general structure of a fractal marker, each marker
consists of three units: the black border forms the outer edge
of the marker, the gray unit region is used to configure and
uniquely determine the marker ID, and the white isolation band
is used to assist the detection of inner-layer markers .

B. Multi-Stage Detection Algorithm

The detection method of fractal ArUco achieves highly
robust marker recognition through a multi-stage cooperative
strategy. The entire detection process is roughly divided into
three stages: first, traditional edge and corner detection is
used to preliminarily locate possible marker regions and
extract initial corner points; then, multi-scale refinement of
corner points is performed on the image pyramid to improve
localization accuracy and eliminate unreliable points; finally, a



nested fractal

(b) Four-level
ArUco marker.

(a) Traditional ArUco marker.

Fig. 3: Left: traditional ArUco marker. Right: four-level nested
fractal ArUco marker example.

feature point detection and matching mechanism is introduced,
which fully utilizes the pattern structure inside the coding
region and achieves more stable pose estimation under mul-
tiple viewpoints and even partial occlusion through a method
combining geometric constraints and statistical optimization.
This systematic process significantly improves the recognition
capability of fractal ArUco in complex scenarios.

1) Traditional Edge and Corner Detection: If the original
image is in color, the image preprocessing stage converts the
input image to a grayscale image, as shown in Fig. [f(b). Then,
adaptive thresholding [18] is used to binarize the grayscale
image to highlight the edges of the marker. Here, the adap-
tive threshold adapts to images of different resolutions by
dynamically adjusting the window size, then computing the
average grayscale value within the window as the threshold,
as shown in Fig. @[c). The purpose of this step is to provide
a clear binary image for subsequent contour detection, so that
contours are easier to identify and process.

Next is the contour detection and preliminary filtering stage.
The algorithm finds all possible contours in the entire image
and performs geometric analysis on each contour. This step
is used to filter possible marker candidates. First, the system
removes contours smaller than the required marker size, and
then uses a polygon approximation algorithm to approximate
contours to determine whether they can be approximated as
convex quadrilaterals, as shown in Fig. f[d). By verifying all
contours, the corner points of contours that meet the required
conditions are arranged for the processing stage.

In the fractal marker decoding stage, the system perspective-
maps each candidate quadrilateral region to a normalized view
and extracts its internal bit matrix. The algorithm generates
the bit matrix using predefined encoding specifications and
samples pixel values from each bit using bilinear interpolation.
Then, the matrix is quantized to binary based on the average
brightness, and the decoding function is called to verify
whether the bit pattern conforms to a known marker encoding.
If decoding is successful, the algorithm adjusts the corner point
order to align with the marker orientation and adds the valid
candidate to the list.

Then comes the candidate marker deduplication stage. By
calling the sorting function, the candidate list is first sorted by

marker ID, and for markers with the same ID, one is removed
based on perimeter. Then, the deduplication function from the
standard library is used to filter out redundant candidate mark-
ers with the same characteristics, finally ensuring that each
marker appears at most once. The purpose of this procedural
operation is to prevent the same marker from being repeatedly
detected, ensuring that the output is a unique optimal solution.

2) Corner Projection and Refinement: The core of sub-
pixel corner refinement lies in analyzing image derivatives
and finding their maximum points within a small square
region around the corner position. When the image size
is small, the analysis region also shrinks accordingly, thus
significantly reducing computational cost. To simultaneously
ensure efficiency and accuracy, the refinement process adopts a
multi-scale strategy, proceeding layer by layer on the pyramid
structure of the original image. Specifically, the system first
finds the lowest resolution image at which initial refinement
can be performed for each corner point. After completing the
initial refinement, it proceeds to the next higher resolution
image layer for further refinement, until all corner points are
precisely located on the original image.

The image pyramid consists of multiple layers of images at
different resolutions. The top layer is the original image, and
subsequent layers are constructed by progressively reducing
the image size by a certain ratio. When performing corner
refinement, it is first necessary to select an appropriate image
layer as the starting refinement layer for each marker. The
selection criterion is that the projected area of the marker in
that image is close to the ideal reference area. If the area of
the marker in a certain image layer is too small and does
not meet the minimum distance requirement between corner
points, then that marker will not be considered.

As shown in Fig. @e)(f), the experimental results verify
the effectiveness of this method. Fig. [d(a) is the original input
image; Fig. [dfe) shows the corner positions projected based on
the initial pose estimation; Fig. (f) marks the refined corners
in red. It can be clearly seen that there is a deviation between
the initial corner positions (blue) and the refined positions
(red), and the refinement process has improved the accuracy
of corner localization, thereby improving the pose estimation
results.

When performing corner refinement, occlusion conditions
also need to be considered. During the refinement process,
local image analysis is performed on the position of each
corner point. First, it is judged whether the image contrast
of the surrounding area is too low. Since the marker pattern
has a black-and-white structure, ideally corner points should
be located in high-contrast areas. If the difference between
the brightest and darkest pixel values in that area is below a
set threshold, the corner point is considered to be possibly
occluded. In addition, if a corner point undergoes severe
positional drift during the refinement process, it will also be
considered unreliable and excluded.

3) Feature Point Detection and Matching: The fractal
ArUco corner detection mentioned in Section 2.2.1 is based
on the traditional ArUco detection algorithm, while feature
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Fig. 4: Traditional ArUco corner detection pipeline: (a) original input image of fractal ArUco marker, (b) grayscale image
converted from RGB, (c) binary image with highlighted marker edges after adaptive thresholding, (d) candidate contour image
detected by polygon approximation, (e) initial corners obtained after contour filtering, (f) final corners after sub-pixel corner

refinement.

point detection and matching is the key to the fractal ArUco
marker detection principle, and is also the key to its significant
robustness advantage over traditional ArUco. In the detection
process of traditional ArUco markers, the coding region stor-
ing binary IDs inside the border is merely compared with the
encodings in the dictionary using the encoding information,
and the position information of a large number of internal
feature points is wasted. Fractal ArUco utilizes these internal
feature point information for pose estimation.

A feature is an interesting part of a digital image, and it is
the starting point of many computer image analysis algorithms,
including categories such as edges, corners, regions, and
ridges. Interest points in an image refer to pixel points with
well-defined positions that can be robustly detected. Such
points usually contain rich local information and can achieve
ideal repeatability of detection across different images [6].
Interest point detection has important applications in fields
such as image matching [[19]], object recognition [20], and
object tracking [21].

There are already many mature algorithms for interest point
detection, such as the Moravec corner detection algorithm [[7]],
the Harris-Stephens corner detection algorithm [7], [8]], and
the SUSAN corner detector [8]. The FAST (Features from
Accelerated Segment Test) algorithm was originally proposed

by Rosten and Drummond [9] for identifying interest points in
images, and is widely used in real-time frame rate applications
such as mobile robot Simultaneous Localization and Mapping
(SLAM) due to its fast detection speed [|10]], as shown in Fig.

Fig. 5: Interest point detection using the FAST method in a
robot vacuum SLAM application: (a) simulated home interior
modeling scene, (b) interest points detected and drawn with
green circles on the original image.

In the detection process of fractal ArUco, FAST is also
used for coarse detection of feature corner points in the coding
region. Of course, since it is a fast coarse detection, in addition
to the effective corner points needed by the algorithm, a large
number of interfering interest points are also obtained, as
shown in Fig. [6(a)(b).

For the feature point set initially detected by the FAST
algorithm, two-level filtering is first performed: the first level



Fig. 6: (a) Original image showing the region of interest. (b) Coarse feature point detection on the fractal ArUco using the
FAST method, with blue dots representing interest points. (c) Example of corner classification. (d) Corner points after filtering
and classification, where different colors (red, blue, green) represent different categories [E[]

is based on response value filtering, where the 20th percentile
threshold of the response values of all feature points is
calculated, and only feature points with response values higher
than this threshold are retained, ensuring that the selected
points have sufficient saliency; the second level is based on
local contrast filtering, where a 10 x 10 pixel neighborhood
is extracted for each candidate feature point, and its grayscale
standard deviation is computed. If the standard deviation is
below a preset threshold, the point is removed, ensuring that
feature points are located in texture-rich regions.

Feature points that pass through the filtering then enter
the classification stage: for each feature point’s 10 x 10
neighborhood, binarization based on the average grayscale is
performed, and then the number of connected components
and the proportion of non-zero pixels in the binary image
are analyzed—if the number of connected components is 2
and the proportion of non-zero pixels exceeds 50%, it is
classified as Category 1 (green); if the number of connected
components is 2 but the proportion of non-zero pixels is
smaller, it is classified as Category 2 (red); if the number
of connected components is greater than 2, it is classified as
Category 3 (blue), as shown in Fig. [[c)(d). This classification
result is visualized through color coding and provides type
constraints for subsequent feature point matching, thereby
effectively improving matching accuracy while maintaining
real-time performance.

In the feature point matching stage, the system first estab-
lishes matching conditions based on the classification results
of the feature points, allowing only feature points of the
same category to be matched with each other. The homog-
raphy matrix [22], as the core mathematical tool for handling
viewpoint changes, can establish the perspective mapping
relationship between the marker template plane and the image
pixel plane. When the camera viewpoint changes cause the
marker to rotate, tilt, or be partially occluded, the algorithm
first uses the detected four external corner points to compute
the homography matrix, projecting 2D points in the template
coordinate system precisely into the current image space,
thereby predicting the positions where internal feature points

should appear. Based on this prediction, the algorithm builds
a KD-tree index using these predicted points and then
performs radius search to find feature points that satisfy
the constraints around the predicted points. This algorithm
employs an improved RANSAC framework for robust pose
estimation : first, 4 sets of feature match pairs with the
same category labels are randomly selected to compute an
initial homography matrix, and the projection error of all
feature points under this transformation is evaluated to count
the number of inliers that satisfy the error threshold. After
multiple iterations, the transformation with the most inliers is
selected as the optimal solution, and finally all inliers are used
to recompute the precise transformation matrix. This method
significantly reduces the possibility of mismatches through the
dual guarantee of homography prediction and classification
constraints, while using the RANSAC mechanism to ensure
the robustness of the algorithm against noise and outliers. Even
under complex viewpoint changes or partial occlusion, it can
still provide reliable 2D-3D correspondences for subsequent
pose estimation. This matching strategy, which integrates
category constraints and statistical optimization, enables the
algorithm to simultaneously ensure computational efficiency
and pose estimation accuracy [16].

C. Existing Fractal ArUco Library Analysis

The fractal ArUco functionality currently has two official
implementation versions: one is the ArUco library integrated
with ROS [23], which supports fractal marker detection but
depends on the ROS ecosystem; the other is the lightweight
header file nanofractal.h [I2]], which is independent
of ROS and suitable for embedded and rapid application
scenarios. Through investigation, it was found that the two
versions share the same theoretical principles, identical core
algorithms, and highly similar specific implementations and
main characteristics. In comparison, nanofractal.h is
more lightweight, has a clear code structure, has no ROS
dependency, and is suitable as a template for OpenCV integra-
tion. The implementation architecture of nanofractal.his
shown in Fig. [} Therefore, in the subsequent code analysis



process, this study also uses nanofractal.h as the main
reference template.

In the implementation of the fractal ArUco detection
method, functions such as threshold segmentation, contour
localization, matrix computation, FAST feature point detec-
tion, and image rendering all use OpenCV’s built-in methods.
It is worth noting that the KD-tree index of FLANN [13]]
is used here to match the detected feature points with the
marker points projected onto the image. However, the FLANN
used here does not use OpenCV’s built-in module, but instead
uses a KD-tree index class defined in a header file called
picoflann.h [5]. picoflann.h is also a lightweight
header file specifically designed for similar tasks, implemented
by Professor Rafael Mufioz Salinas after multiple improve-
ments. Unlike the KD-tree index of the FLANN module in-
tegrated in OpenCV, picoflann.h focuses on optimization
for specific tasks through its lightweight implementation and
adapter mechanism, and performs particularly well in feature
point matching of low-dimensional data. It provides higher
flexibility and customizability, allowing users to adjust data
access methods and indexing behavior according to specific
needs, while avoiding the potential additional performance
overhead in the OpenCV module.

III. OPENCV INTEGRATION DESIGN AND

IMPLEMENTATION
A. Module Architecture Design
The functionality implementation of fractal ArUco
mainly relies on three classes: FractalMarker,

FractalMarkerSet, and FractalMarkerDetector.
Referencing the interface conventions of the objdetect
module in the OpenCV library, the design of the
traditional ArUco module mainly relies on two interfaces:
aruco_detector.hpp and aruco_dictionary.hpp.
A dictionary is a collection of various unique ArUco codes
of the same size, and aruco_dictionary is the interface
for users to retrieve pre-stored dictionaries. However, due
to the special nature of fractal ArUco marker design, it has
significant differences from ordinary ArUco markers in terms
of storage structure. Ordinary ArUco markers typically only
need to store the marker ID and basic pose information,
while fractal ArUco needs to record the complete topological
structure of the multi-level marker system. Its configuration
data includes: the number of levels, the number of sub-
markers, the 3D spatial coordinates of each marker, the
connection relationship matrix between markers (binary bit
mapping), and geometric constraint parameters. Furthermore,
each predefined fractal ArUco has only one fixed code per
level count (2-5 levels), unlike traditional ArUco which
has an entire dictionary. Therefore, this study considers
that the retrieval interface for the pre-stored information
of fractal ArUco is not suitable for insertion into the
aruco_dictionary interface. The final design scheme

is that FractalMarker and FractalMarkerSet
are defined in the fractal _marker.hpp file,
and the FractalDetector class is defined in the

fractal_detector.hpp file. This design is in a parallel
relationship with the traditional ArUco module interface,
which is more suitable for user understanding and invocation,
less likely to cause confusion, and also keeps the objdetect
module concise.

B. FLANN Module Replacement

As shown in the figure, in the original design, the
FractalMarkerDetector module integrated too many
external dependencies. Especially in image processing and
feature matching, multiple functional classes such as
KdTreeIndex, Homographer, and L2 were directly ex-
posed, resulting in a lengthy interface and difficult main-
tenance. Among them, KdTreeIndex and L2 are classes
and structures within the picoflann namespace, while
Homographer and Picoflann_KeyPointAdapter are
classes and structures specifically designed for handling this
task.

According to the experimental data from picoflann
author Professor Rafael Mufioz Salinas, picoflann achieves
1.73x faster index building speed, 1.8x faster KNN search
speed, and 3.21x faster radius search speed compared with
the OpenCV FLANN module on a dataset of 10,000 2D
points [S]. Under these circumstances, these two implemen-
tation schemes need to trade off between the performance of
keypoint matching and the simplicity and user-friendliness of
the code. Therefore, this experiment needs to compare the
performance of the two keypoint matching implementations
and compare the code structure and complexity after removing
the dependency of the fractal ArUco module on picoflann
and replacing it with OpenCV’s built-in FLANN module.

After removing the picoflann de-
pendency, KdTreeIndex, 1.2, and the
Picoflann_KeyPointAdapter class specifically
designed for this task were all removed, and the
Homographer class used for homography matrix
computation could also be removed by inlining the method.
In addition, through research and analysis, the kfilter and
assignClass methods originally implemented for keypoint
filtering and classification are only called within the detection
algorithm implementation of FractalMarkerDetector.
Therefore, the plan is to transplant these two methods as
built-in methods of the FractalMarkerDetector class.
The final project structure is shown in Fig.

C. Duplicate Feature Point Fix

During the experiments, it was discovered that the final set
of matched feature points had duplication phenomena. More
specifically, the ideal solution set of the feature point matching
algorithm should be a 2D point set and a 3D point set, where
the two point sets correspond one-to-one and each point is
unique. The 2D point set represents the set of points found in
the filtered and classified feature point set that can be matched
with the corner points on the planar standard fractal ArUco
marker. The 3D point set represents the set of corresponding
points on the template plane. First, since duplicate points



| PicoFlann_KeyPointAdapter |

e

-operator()(elem: cv::KeyPoint,

FractalMarkerSet

+ fractalMarkerCollection: std:map<int,
FractalMarker>

+ bits_ids: stdzmap<int, stdzvector<int>>
+ minfoType: int

+ idExternal: int

A4

- _distance: DistanceType
- adapter: Adapter

- H: cvzMat
-Homographer(out: std::vector <cv::Point2f>)cv:Point2f)
-operator()(p: cv::Point2f): cvzPaint2f

- _maxLeafSize: int = 10

- all_indices: std:vector<uint32_t>

1
i 1
R T 1 1
dim: int): float | ! + FractalMarkerSet()
1 \ + FractalMarkerSet(config: std::string)
: : + convertToMeters(size: float): void
. T
| 1
1 1
1 1
| 1
! ! FractalMarker
y . +id: int
FractalMarkerDetector + keypts: std:vector<cv:KeyPoint>
- fractalMarkerSet: FractalMarkerSet ) _m:aii:g?}\/lat
+ setParams(fractal_config: std:string, markerSize: float = -1): void - “submarkers: std:vector<int=
+ detect(img: cv:Mat): std::vector<FractalMarker= (inherits) std::vector <cv::Point2f>
+ detect(img: cv:Mat, p3d: std:zvector<cvi:Point3f>&, p2d:
[ stdzvector<cviPoint2f>&): std:vector<FractalMarker> e EraciaMart@r(}dl P — .
1 - sort(marker: std::vector<cv:Point2f=): std::vector<cv::Point2f> Jrld_fa( ‘:: A ‘fgt‘ tlgf n‘!.dcv..ba " ckorn.ers.
: - getSubpixelValue(im_grey: cv:Mat, p: cvi:Point2f): float Sld:ve(tor<.(vt.. OINES T 1G SO
: - getMarkerld(bits: cv::Mat, nrotations: int8, markersld: std::vector<int=, i 'é‘:?( 9.r<t'” )
\ markerSet: const FractalMarkerSet&): int . nme;t?)o.ciir}'Mat
: - perimeter(a: std:vector<cv::Point2f>): int i mask.o: (.\.f::Mat
: T + subMarkers(): std::vector<int>
: \1/ + addSubFractalMarker(submarker: FractalMarker): void
I + getMarkerSize(): float
! KdTreelndex + getKeypts(): std::vector <cv:KeyPoint>
AY4 - + draw(image: cv:Mat&, color: cvzScalar = cv::Scalar(0,
Homographer - _index: Index 0, 255)) const: void

+ clear(): void

query: const Type&, k: int,

- divideTree(...)

- computeBoundingBox(...)

- mean_var_calculate(...)

- planeSplit(...)

- computelnitialDistances(...)

+ build(container: const Container&): void

+ toStream(os: std::ostream&): void
+ fromStream(is: std::istream&): void
+ searchKnn(container: const Container&,

sorted: bool): std:vector<pair<uint32_t,double> >
+ radiusSearch(...): std::vector<pair<uint32_t,double>>

L2

-compute_distance(elema:
ElementType, elemb: ElementType2,
adapter: Adapter, ndims: int,
worstDist: double): double

Fig. 7: UML dependency diagram of the classes in the original nanofractal . h header file for fractal ArUco implementation.

overlap when drawing keypoints on the original image, the
human eye cannot directly observe duplicate points from the
image. Furthermore, the number of feature points in a fractal
ArUco marker is extremely large, making it somewhat difficult
to judge and count whether keypoints are correctly matched
to corner points on the standard fractal ArUco marker.

The original nanofractal.h algorithm, after testing, ex-
hibited duplicate 2D feature points in certain datasets. Through
analysis, the duplicate 2D points correspond to different 3D
points. If the 3D point set is not on the same plane, the 2D
points calculated through projection using the homography
matrix computed from the initial detection may coincide,
which is a result caused by occlusion. However, in this
experiment, all corner points on the standard fractal ArUco
marker relied upon by the algorithm are on the same plane,
so theoretically no duplicate points should appear after visual
transformation.

Under these circumstances, the only possible reason for the
appearance of duplicate points is that the FAST feature point
detection did not correctly detect the truly matching feature

points, or the correct feature points were erroneously removed
during the subsequent classification and filtering process. This
leads to the situation where, during the feature point matching
stage, when using FLANN to perform radius search based on
the theoretical 2D point set computed through the homography
matrix viewpoint transformation, the correct feature points
cannot be found, and a relatively closest corner point with the
same category information is used as a substitute, as shown
in Fig. E} At the same time, the incorrectly matched corner
point may have already been matched with other theoretical
2D points previously, which also causes the phenomenon of
duplicate feature points.

In the version after replacing with OpenCV’s built-in
FLANN module, this phenomenon also exists. The one-to-
one correspondence of these point sets is to be used for
pose estimation in future algorithms, so the precision of these
point matches is particularly important. Users expect that
the output of the detection algorithm should match as many
detected keypoints and template sample points as possible
while ensuring correctness. Since the FAST method used for
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- kfilter(kpoints: std:vector<cv:KeyPoint>&): void

- assignClass(im: cv:Mat, kpoints: std::vector <cv::KeyPoint=&, sizeNorm:
float = 0.f wsize: int = 5): void

- M: cviMat

- _mask: cvzMat

- _submarkers: std:zvector<int=
(inherits) std::vector<cv::Point2f>

+ FractalMarker()

+ FractalMarker(id: int, m: cvi:Mat, comers:
std:vector<cv:Point3f>, id_submarkers:
std:vector<int>)

+ nBits(): int

+ mat(): cv:Mat

+ mask(): cv:Mat

+ subMarkers(): stdzvector<int>

+ addSubFractalMarker(submarker: FractalMarker): void

+ getMarkerSize(): float

+ getKeypts(): std:vector<cv::KeyPoint>

+ draw(image: cv:Mat&, color: cvi:Scalar = cvz:Scalar(0,
0, 255)) const: void

Fig. 8: UML diagram of the fractal ArUco project structure after optimization and module replacement.

Fig. 9: Computation results of nanofractal.h: different
points on the template plane (right image) are matched to the
same feature point (left image), where (a) is a correct match
and (b) is an incorrect match.

feature point detection is a built-in OpenCV method and
cannot be easily optimized, this experiment focuses on filtering
duplicate points during the matching process. By recording the
keypoints previously added to the 2D point set, when adding a
new feature point, it checks whether it is a duplicate. If it is a
duplicate, it compares the Euclidean distances of the duplicate
points to the matched 3D points, and retains the closest point
as the correct match. The algorithm flowchart is shown in
Fig. [10]

The OpenCV-integrated FLANN in this scenario uses radius
search to match the projection of the 3D point set to the
nearest 2D keypoints in the image within a certain radius
distance R. However, if the nearest point with the same
geometric constraint that is matched has a distance to the query
point exceeding the search radius distance R, the returned
matched point dist distance is the default value 0. According
to the algorithm in Fig. [T0} this would cause all results to be
retained as abnormal points (outliers) with the default value
of 0. Therefore, the goal of avoiding false matches is not
achieved, and judgment logic should be added here to avoid
the algorithm converging to abnormal points with dist equal
to 0. In addition, the adjustment of the search radius distance
R should also not be ignored.

Through such filtering and replacement processing, the
expected experimental results should theoretically be able to
effectively improve the performance of keypoint matching.
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Fig. 10: Algorithm flowchart for eliminating duplicate feature
point matches.

IV. EXPERIMENTAL ANALYSIS AND VERIFICATION

This chapter compares and analyzes the original
nanofractal.h fractal ArUco marker detection algorithm
and the new version of the algorithm after removing
the picoflann dependency, replacing and optimizing
the feature point matching module, to demonstrate the
effectiveness of the new algorithm implementation. The
experiments measure from three standards: computational
efficiency, number of feature point matches, and feature point
matching accuracy. Hereafter in this experiment, the former
algorithm is uniformly referred to as the nano version and
the latter as the OpenCV version, for ease of description and
understanding.

A. Experimental Setup and Dataset

The experimental setup uses an Intel(R) Xeon(R) Platinum
8352V 2.1GHz processor with a dual-CPU configuration,
totaling 128 logical cores, supporting the NUMA architecture.
All experiments were completed under the Ubuntu 22.04.1
LTS operating system environment, with kernel version 5.4.0-

155-generic. The OpenCV library used in the experiments is
the 5.x development version.

For dataset capture, the camera used was the iPhone 15 rear
camera. The difference in algorithm implementation between
the nano version and the OpenCV version is mainly in the fea-
ture point matching stage. Determining whether feature points
are correctly matched to template sample points cannot be
effectively judged through algorithmic processing, especially
when feature points are dense, as it is impossible to correctly
determine all edge cases through simple algorithms. There-
fore, data matching in this experiment relies more on human
judgment, which makes it impractical to handle datasets of too
large a scale.

In the design of the dataset, this experiment used the
FRACTAL_4L_6 fractal code as the photography subject (in
addition, there are FRACTAL_2I._6, FRACTAL_3L_6, and
FRACTAL_5L_6, where L represents the number of nested
levels of the fractal code; the fractal code used in the exper-
iment consists of 4 levels of nested ArUco codes). The data
capture method involves placing the printed FRACTAL_4L_6
fractal code flat on a horizontal surface, with the camera
shooting at a certain tilted angle. One group of data consists of
the fractal code without occlusion, and the other group consists
of the fractal code with occlusion, specifically covering the
corner points of the outer border to test the algorithm’s detec-
tion mechanism specifically designed for handling occlusion
situations. The original resolution of each group of data images
is 4032 x 3024, and the pixels are compressed to 2016 x 1512,
1344 x 1008, 1008 x 756, and 672 x 504 respectively using
OpenCV’s built-in methods, as shown in Fig. fl;fka)(b).

In this experiment, because the algorithm mostly relies on
pixel-level threshold lengths, image resolution is an extremely
important factor affecting algorithm output. Also precisely
because the detection algorithms between the nano version and
the OpenCV version are completely identical, the experiment
does not need other complex shooting conditions as controls,
such as degree of blur, complex lighting environments, or
extreme tilt angles. The dataset in this experiment is only
customized for a specific task.

(b)

o

Fig. 11: (a) Non-occluded fractal marker image. (b) Occluded
fractal marker image.

If there are future needs for evaluation of detection method
optimization, the dataset evaluation of this experiment cannot
fully cover all indicators.



B. Performance Comparison

1) Computational Efficiency: First is the computational
efficiency test. This experiment not only compares the com-
putational efficiency of the feature point matching algorithms
between the nano version and the OpenCV version, but also
tests other stages of the entire detection algorithm. This is
because, suppose a certain version’s implementation spends
several times more time in the feature point matching process
than another version, but if the time consumed by feature point
matching accounts for a very low proportion of the entire
detection algorithm, the difference in overall algorithm time
consumption is actually not significant. In that case, the system
can fully adopt the algorithm with higher matching accuracy
and more matches. The time proportions of keypoint matching
in the total algorithm time for different versions on different
datasets are shown in Fig. [T2}

Keypoint Matching Time Percentage by Resolution

= No-Occlusion Nano
No-Occlusion OpencV

m= occlusion Nano
Occlusion Opencv

Time Percentage (%)

672 1008 1344 2016 4032
Image Resolution (width in pixels)

Fig. 12: The vertical axis represents the keypoint matching
time proportion, and the horizontal axis represents the image
resolution width; No-Occlusion represents the non-occluded
dataset, and Occlusion represents the occluded dataset.

Analysis of the images shows that pixel resolution and
keypoint matching time proportion are negatively correlated,
and the time proportion on the occluded dataset is generally
lower than that of the non-occluded dataset at the same
resolution. This is because the detection algorithm and filtering
algorithm consume more additional time under high resolution
and occlusion conditions. It is worth noting that at 672 pixels
with occlusion, since neither algorithm can detect the complete
outer border, the subsequent keypoint detection algorithm is
not triggered, so there is no time proportion data for them in
the figure.

Analyzing from a numerical perspective, it can be found that
the time proportion of keypoint detection is generally small.
The OpenCV version’s keypoint matching algorithm takes 0.1—
0.3ms more time than the nano version, resulting in an increase
of total algorithm time by 0.28%-—1.2% on the occluded dataset
and 0.8%-1.7% on the non-occluded dataset. In other words,
this is a negligible efficiency loss.

2) Feature Matching Count: Next is the comparison of
the number of keypoint matches. The keypoint matching
counts for different versions on different datasets are shown
in Fig. [13] From an overall analysis, the higher the resolution,
the more keypoints there are, and the more keypoints can be

matched to the template fractal ArUco marker. Therefore, all
four curves in the figure show an overall upward trend. At
the same time, the higher the resolution, the more obvious the
advantage of the OpenCV version over the nano version on
the same dataset. Moreover, since a large number of feature
points are occluded in the occluded dataset, the number of
feature points that can be detected and matched is significantly
reduced compared with the non-occluded dataset, which is also
consistent with the expected experimental results. Similarly,
the occluded dataset with 672-pixel resolution width cannot
locate the outer border and thus cannot compute the homogra-
phy matrix, making it impossible to estimate the actual feature
point coordinates through the feature point coordinates of the
template fractal ArUco, and consequently unable to perform
feature point matching. Therefore, the data in Fig. [I3]is 0.

Keypoint Matches Comparison Across Resolutions

—@- No-Occlusion (Nano)

2004 B No-Occlusion (Opencv) 188
—@- occlusion (Nano)
-8 Occlusion (OpenCV)

Number of Keypoint Matches

672 1008 1344 2016 4032
Image Resolution (width in pixels)

Fig. 13: The vertical axis represents the number of keypoint
matches, and the horizontal axis represents the image resolu-
tion width; No-Occlusion represents the non-occluded dataset,
and Occlusion represents the occluded dataset.

3) True Positive Rate: However, to verify the effectiveness
of the OpenCV version’s feature point matching algorithm,
using the number of matches as the sole evaluation criterion
is not sufficient, because there is a strong possibility of false
positive samples. Therefore, the focus of this experiment next
is on how to count the true positive rate of a large number
of matched points. By computing the Euclidean distance
between predicted point positions and actual feature point
positions, if the distance exceeds a certain set threshold, the
system can roughly determine that a false match has occurred.
However, this approach has significant limitations, because
when feature points are very dense, it is quite possible that
a mismatch occurs but the computed Euclidean distance is
not large. Therefore, the experiment ultimately chose to use
human visual observation to judge and count the number of
incorrectly matched feature point pairs, and finally analyze and
summarize the experimental results. The experimental results
of the nano version and the OpenCV version are shown in
Table [[ and Table [l respectively.

Through data analysis, the nano version has only one
instance of false matching, which is the situation shown in
Fig. P(b). Through the algorithm repair mentioned in Chapter



TABLE I: Nano version false match count statistics.

Resolution (px) No-Occlusion  Occlusion
672 0 _
1008 0 0
1344 0 0
2016 1 0
4032 0 0

TABLE II: OpenCV version false match count statistics.

Resolution (px) No-Occlusion  Occlusion
672 0 -
1008 0 2
1344 0 0
2016 0 0
4032 0 0

3, the OpenCV version can achieve a 100% true positive
rate on the non-occluded dataset, and the additional matched
point pairs compared with the nano version are all correct
matches. On the occluded dataset, as shown in Fig. @ the
mismatches that occur are all due to feature points at the edges
of similar occluding objects being falsely detected. There
are two reasons for this situation: first, the imperfection of
the feature point filtering and classification algorithm, which
causes such erroneous feature points to still be retained or even
classified after the filtering algorithm; second, the subsequent
feature point matching algorithm does not handle the situation
of points that are close in distance to the expected positions
well enough.

Overall, the OpenCV version has almost no difference in
computational efficiency compared with the nano version (total
time increase of 0.28%—1.7%), and the number of keypoints
that can be correctly matched in the keypoint matching task
has a significant increase (0%—28%). However, currently due
to the imperfect filtering algorithm, the results contain a small

Wosr 3

Fig. 14: Green points represent matched keypoints, and red
arrows indicate mismatched keypoints.

number of false positive cases. For the pose estimation task,
although the subsequent robust mechanism of the RANSAC
algorithm can sample and calculate the optimal model, the
fewer the number of outliers, the fewer sampling iterations
the algorithm needs to determine the optimal model and thus
calculate the homography matrix. Therefore, solving the prob-
lem of false matching is very important in this detection task,
and optimization needs to be done separately from the two
aspects of the keypoint filtering and classification algorithm
and tuning the distance threshold parameters.

V. CONCLUSION AND FUTURE WORK
A. Summary

Through in-depth exploration of the implementation princi-
ples of fractal ArUco markers and the usage of the OpenCV
library, this study successfully integrated the fractal ArUco
marker functionality into the local OpenCV library through a
concise and effective architecture design and a user-friendly
interface. The number of lines of code in the specific im-
plementation was reduced from the original 1500 lines to
about 800 lines, greatly improving the readability for users and
developers. Through continuous adjustment and optimization
in experiments, the implementation of the OpenCV version,
compared with the original nano version, has already achieved
significantly improved matching performance in the keypoint
matching task with almost no difference in computational
efficiency. However, there are still a small number of incorrect
keypoint matching cases, and there is still room for continued
optimization.

B. Future Directions

The focus of future work is to test on more datasets with
different shooting conditions (including different distances,
angles, lighting conditions, and occluding objects) to rule
out the influence of potential program errors. At the same
time, the existing small number of keypoint false matching
issues need to be resolved by tuning the distance threshold
parameters. After achieving stable and correct feature point
matching test outputs in multiple scenarios, a merge request
will be submitted to the OpenCV community. In addition,
future research directions will continue to attempt optimization
of detection methods, such as trying to use deep learning
methods to replace traditional visual detection methods, further
improving computational efficiency and detection accuracy,
and continuously synchronizing with updates to the corre-
sponding module in the OpenCV library.
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