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This paper investigates the effectiveness of image description using detectors and keypoint de-
scriptors for image similarity evaluation. SIFT, SURF, ORB, and BRISK methods are compared
for detection and matching procedures. Similarity coefficients are computed for each image pair,
and corresponding similarity coefficient matrices are constructed for image similarity analysis.
An evaluation of the speed of keypoint detection and description for each of the methods was
conducted. It was found that SIFT yielded the he SURF method performed better in recognizing
similar images compared to BRISK and ORB, but was significantly slower. The research results
can be useful in the field of visual search and image identification.
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Introduction.

In today's world, where we are surrounded by a large number of images, there is a need
for the development of efficient algorithms for digital image processing. Various methods
based on computer vision have been developed to solve this problem. Detection and descrip-
tion of image features have been an active research area for decades due to their promising
productivity [1-3].

Methods that use keypoints as sets of features in images have found applications in many
fields. For example, in medical imaging for organ recognition and disease diagnosis [4-6], for
registration and recognition of images taken by unmanned aerial vehicles [7-9], for studying
fruit conditions in agriculture [10-11], and others. One of the main tasks of computer vision
and image processing is to search for and match features in a set of images that may belong to
different groups. However, comparing images by their appearance is a challenging task due to
various aspects such as lighting, perspective, displacement, scaling, and other factors that can
affect their appearance. To effectively compare images, methods for assessing the degree of
similarity between them are necessary. In this context, keypoints and their descriptors are im-
portant tools for image processing. However, the question arises as to which algorithms should
be used to achieve the best accuracy and speed.

In this paper, several of the most widely used methods for keypoint detection and descrip-
tion - SIFT (Scale-Invariant Feature Transform), SURF (Speeded-Up Robust Features), ORB
(Oriented FAST and Rotated BRIEF), and BRISK (Binary Robust Independent Elementary
Features) [12-15] - are compared. The aim of the study is to compare the effectiveness of the
listed methods for detecting similar images. The results obtained can be useful in creating pro-
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grams for processing a large humber of images, taking into account the accuracy of matching
and recognition speed.

Results and discussion.

The paper analyzes the effectiveness of comparing images based on keypoint detectors
and descriptors for assessing image similarity. The dataset consists of 25 images of crisps
packages, each with identical dimensions of 832*828 pixels and in PNG format (Fig. 1). They
are divided into 5 groups, according to the packaging groups. To compare the methods for de-
tecting and describing keypoints discussed in the article, programs were created in Python us-
ing the OpenCV library [16].
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Fig. 1 The set of investigated images.

The described methods show different results depending on the parameter that sets the
number of keypoints for detection. For the SIFT and ORB methods, this parameter is nfeatures
[17], which allows setting the required number of feature points. Considering the sizes and
characteristics of the images, the value of nfeatures was chosen to be 300.

In the SURF algorithm, the restriction is controlled by the parameter hessianThreshold
[17], which is set to 2700, allowing to obtain roughly the same number of key points as in the
SIFT and ORB methods. The selection of the correct value for hessianThreshold may depend
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on the specific application and image properties. Typically, a high threshold value allows se-
lecting only the most salient and robust key points, but some smaller key points or image areas
may be missed. On the other hand, a low threshold value enables finding more key points, but
some of them may not be robust to changes in the image or ambiguous for further processing.

For the BRISK method, the threshold parameter tresh was set to 65 [17]. This parameter
selects the most significant points of the image, i.e., those with the most distinct properties
among the other points. Increasing the threshold value selects fewer keypoints, while decreas-
ing it selects more.

Table 1. Comparison of detection and description speed.

Methods Parameters Number of keypoints | Time, sec
Sift nfeatures = 300 300 2.15
SURF [hessianThreshold = 2700 ~ 445 0.87
ORB nfeatures = 300 300 0.18
BRISK thresh = 65 ~ 430 0.29

The detection and description speed of the key points are presented in Table 1. The results
show that the ORB method is the fastest among the investigated methods. This is due to the use
of the FAST [18] method for detection and the BRIEF [19] algorithm for describing key points.
The slowest method is SIFT, which may have negative consequences when used in real-time
mode. The SURF method is an improved version of SIFT [20], which also affects the pro-
cessing time: from the table, it can be seen that it works almost twice as fast. The BRISK de-
tector and descriptor have similar results to ORB and can be used to solve real-time tasks.

Comparison of image similarity was performed using the Brute Force algorithm with the
knnMatch method [21-22] and a parameter k=2. In this case, the method returns the two best
matches for each descriptor. For distance comparison in the SIFT and SURF methods, the Eu-
clidean distance (NORM_L2) was applied in the OpenCV implementation [17]. For distance
comparison in the binary descriptors ORB and BRISK, the Hamming distance
(NORM_HAMMING) was used [17]. It measures the number of positions in which two binary
strings differ. This means that the Hamming distance is equal to the number of bits that need to
be changed to transform one string into another. The Hamming distance significantly reduces
computational complexity for binary descriptors compared to standard metrics such as
NORM_L1 or NORM_L2. The program uses Lowe's ratio test, which compares the two closest
neighbors for each local feature and discards matches where the first distance is significantly
smaller than the second, multiplied by a coefficient of 0.75 [12]. Thus, this procedure can in-
crease the accuracy of matching key points and reduce the number of false positives.

To evaluate the effectiveness of the obtained sets of key points, a comparison of the simi-
larity detection performance using SIFT, SURF, ORB, and BRISK methods was conducted.
For each pair of images, a similarity coefficient was found, which shows the percentage of
matching key points between two images relative to the total number of key points on them. In
the case of SURF and BRISK methods, due to the different number of points, the minimum
value was chosen to calculate the similarity between a pair of images. This is due to the fact
that the implementation of these algorithms in OpenCV does not provide a clear limit on the
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number of points based on the specified parameter, as is done in SIFT and ORB. For each of
the algorithms, a heat map matrix of 25*25 was created, corresponding to the humber of imag-
es. They contain similarity coefficients, which can range from 0 to 100 and are represented by
the appropriate color for better visual understanding. The diagonal elements represent the simi-
larity of the image to itself and are always equal to 100%.

Table 2. Comparison of similarity coefficients.

average value of | maximum value | average value of | maximum value of
similarity coeffi- |of similarity coef-[similarity coefficient|similarity coefficient
Methods - S -~ L
cient for similar |ficient for similar| for dissimilar imag- | for dissimilar imag-
images, % images, % es, % es, %
Sift 46.92 65.7 1.49 8
SURF 41.04 61.68 2.63 9.92
ORB 38.67 48.33 3.95 11.66
BRISK 32.53 50.91 0.57 3.98

Table 2 presents the results of the analysis of obtained similarity coefficients between im-
ages. To assess recognition effectiveness, the average similarity coefficient values were calcu-
lated for images of products from the same and different packaging groups. Additionally, the
corresponding maximum values of coefficients were determined for the investigated set of im-
ages.

Comparing the obtained data, it can be said that for the SIFT method (Fig. 2), the values
of the similarity coefficient are higher compared to other methods for most pairs of similar
images (Table 2).
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Fig 2. The similarity matrix for the set of keypoints generated using the SIFT method.
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Fig.3 The similarity matrix for the set of keypoints generated using the SURF method.

The results (see Table 2) indicate that the SURF algorithm (Fig. 3) is less accurate than
the SIFT method (Fig. 1) in terms of similarity coefficient values, but it is almost three times
faster (see Table 1). Therefore, SURF can be used in systems where both accuracy and speed
are important criteria.
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Fig.4 The similarity matrix for the set of keypoints generated using the ORB method.
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Fig. 5 The similarity matrix for the set of keypoints generated using the BRISK method.

When analyzing the similarity matrix (Fig. 4) for ORB, it can be observed that the method
yields significantly lower similarity coefficient values for similar image pairs, whereas in the
case of different images, ORB has a higher similarity coefficient than other methods (see Table
2). This can be a challenge for programs that rely on a low threshold value of this coefficient
for image recognition. However, the algorithm works the fastest, making it a better option for

real-time applications. ORB is useful in tasks with large datasets for quick image recognition,
where accuracy is not a critical parameter.



A. Fesiuk, Y. Furgala 21
ISSN 2224-087X. Electronics and information technologies. 2023. Issue 21

The BRISK method (Fig. 5) has noticeably lower accuracy in finding correspondences
between images compared to other investigated methods. However, it is comparable in speed
to ORB, which can be explained by its binary approach to forming a description of the area
around key points (see Table 1). Thus, BRISK can be applied for making quick decisions
where recognition accuracy has lower priority than speed, but it remains important. From the
results (Table 2), it can be seen that BRISK performs better in situations where images are not
similar to each other. In the case of BRISK, the average value of the similarity coefficient be-
tween different images is approximately three times lower than that of the SIFT method and
almost eight times lower than that of ORB.

Conclusions.

This article examines image descriptions generated by sets of key points formed by the
SIFT, SURF, ORB, and BRISK methods for evaluating image similarity. To estimate the simi-
larity coefficient between a set of images, a similarity matrix was used, which reflects the ratio
of the number of matches to the number of keypoints between all pairs of images. In addition,
to further evaluate the effectiveness of each method, an analysis of detection and description
speed was performed.

The research has shown that SIFT is the most effective method for finding similar images.
Although this algorithm is significantly slower than other methods, it is the best choice for sys-
tems that require high accuracy. SURF is slightly faster than SIFT but has lower accuracy.

ORB and BRISK, which use binary descriptors, are less accurate in recognizing the set of
images. ORB is the fastest among the methods, which allows it to be used for real-time tasks.
The BRISK method showed the lowest coefficient of similarity for cases when the images are
different. In terms of accuracy, BRISK is inferior to SURF, but has better speed.

Overall, the choice of method for finding similarity between images should depend on the
specific task and requirements for accuracy and speed. The results of this study can be useful in
parameters optimization of keypoint detection methods for image recognition tasks.
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Kito4oBi TOYKH aKTHBHO 3aCTOCOBYHOTHCS B 00JIaCTi KOMIT'FOTEPHOTO 30py Ta OOpPOOKH 30-
OpakeHb. AKTYyaJIbHICTP BHKOPUCTAHHS LBOTO IMIAXOLY MOSICHIOETBHCS XapaKTEpHOIO 3aTHICTIO
KITIOYOBHX TOYOK JIO BHSBJIEHHS Ta ONHCY YHIKaIbHHX OCOOIMBOCTEH 300pa’keHb, IO TO3BOJISIE
3IiHCHIOBATH i1eHTH(DIKAIiI0, MOPIBHIHHS Ta MOIIYK.

VY poboTti gocimKeHo eheKTHBHICT OMHCY 300paKeHb 3a JOTIOMOTOI0 IETEKTOPIB Ta JECKPH-
NITOPIB KITIOYOBHX TOYOK JJISI OLIIHKHM CXO0XKOCTi 300paxkeHb. PO3IIISTHYTO YOTHPH METOJH, a caMe
SIFT, SURF, ORB ta BRISK, ms sikux onucaHo mpoLeaypH 3HaXOJDKEHHs Ta BiIOopy criBma-
IiHb.

OriHKa SIKOCTi BHSBJICHHS Ta OIMCY TOYOK IPOBEJECHA TaKMM YMHOM: JJIS KOXKHOI MapH 30-
OpakeHb 004HCIEHO KOe(illieHT MOoAIOHOCTI, MO BiToOpaXkae 4acTKy CHIBMAIiHb KIIOYOBUX TO-
YOK y TMOPIBHSAHHI 3 3arajIbHOI0 KUTBKICTIO TOYOK Ha 300pakeHHAX. 3a JOMOMOTOI0 UX Koediie-
HTIB MO0y TOBaHI MaTPHUIIi CXOXKOCTI, SIKi € MipoIo MOAIOHOCTI 300paxkeHb. KpiMm Toro, Ay KOXKHO-
r'0 3 METOJIIB 3/IiiCHEHA OIiHKA IIBUIKOCTI 3HAXOPKEHHS Ta ONUCY KITFOYOBHX TOYOK.

B pesynbrari JOCIIKEHHS BCTAaHOBJIEHO, 10 NpH BUKopuctanHi meroxy SIFT ortpumano
HaWBUIIE 3HaYEHHs KoedillieHTa CX0KOCTi y MOPIBHSIHHI 3 IHIIMMH METOJaMH, ajie Jac JeTeKIil
Ta JICCKPHITIT BUSIBUBCSA HAWMOBITBHIIMM. 32 YaCOM BHUKOHaHHS BHIINAEThC Meron ORB, 1o
JI03BOJISIE HAWIIBU/IIIE 3HAXOAUTU Ta ONMCYBATH KIIIOYOBI TOYKH, XO4Ya PE3yJbTaTH TOYHOCTI €
nmomiTHO ripmmmu nopiBagHO 3 SIFT. 3acrocyBanns metomy SURF BusBMIIOCS KpammMm y 3a-
BIAHHSIX PO3Mi3HaBaHHS MOAIOHHX 300pakeHb y mopiBHsAHHI 3 BRISK Ta ORB, ane mBuakicts
BUSIBIICHHS Ta JAECKPHIIIi] KIIFOYOBUX TOUOK € MEHINOI0. Pe3ympraTi, oTpuMaHi pH BUKOPHCTAH-
Hi Mmetony BRISK noka3yroTs neBHHIT KOMIIPOMIC MiX TOYHICTIO Ta IIBHIKICTIO.

PesynpraTté mocmimyKeHHST MArOTh HIHHICTB IS 3aCTOCYBaHHS B 00JIAaCTi Bi3yalbHOTO TOIIYKY
Ta inentudikanii 306paxxeHs. BoHn MoXXyTh OyTH KOPHUCHUMH y 3aBAaHHAX JETEKLIl Ta JECKPHII-
i1 KJIFOYOBUX TOYOK y CHCTeMax pO3Mi3HaBaHHsI 300pakeHb, a TAKOX JUIS BIOCKOHAJICHHS BXKe
ICHYIOUHX aJTOPUTMIB Ta METOMVK.

Kniouosi cnosa: SIFT, SURF, ORB, BRISK, netekitisi, 1eCKpHIIILis, KIFOUOBI TOYKH.
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