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OBHAPY>XEHWE CUMMETPUYHbIX TIMHNWA
B NSOBPAXXEHUAX C NOMOLLLIO METOOOB
YINOBbIX NMMHAW U CPEOVMHHbBIX NMNHUN

Reflection symmetry is a key geometric feature that plays a vital role in various fields like computer vision,
pattern recognition, and medical image analysis. In this research, we present a refined and easy-to-
understand approach for detecting symmetry lines. We use two different techniques: a straightforward brute-
force angled-line sweep and a clever middle-outward search strategy. These methods leverage reflection
transformations, assess the similarity of binary masks, and rely on a solid mathematical foundation.
Keywords: symmetry; reflection; rotation; images; Jaccard coefficient; cosine coefficient;
explainable artificial intelligence (XAl).

3epkanbHas CUMMETPUS — 3TO BaXKHasi reOMeTpPUYEcKas xapakTepucTunka, Kotopas HaxoauT npu-
MEHEHUEe B CaMbiX pa3Hbix 06n1acTaX, TaKMX Kak KOMMbIOTEPHOE 3peHne, pacrno3HaBaHMe o6pa3oB U
aHanua3 MeanUMHCKUX n3obpaxeHuin. B Hawem nccnegoBaHvMm Mbl npegnaraemM 6onee NOHATHbIN U
yCOBepLLIeHCTBOBaHHbIVI noaxopn K 06Hapy>|<eH|/uo NNHUNA CUMMETPUN. Mol ncnonb3yem ABe pasHble
TEXHUKU: ﬂpOCTOI7I nepe6op YrnoBbIX JTIMHUA ©n npoaoyMaHHYK CTpaTermito noucka OT LUeHTpa K
nepmcbepmm. 3mn MEeTObl NCMOJIb3YHT 3epKalibHbIe npe06pa3OBaHMﬂ, OLUeHMBaKT CXoACTBO 6I/IHaprIX
MacCOK M onnparTCA Ha NPOYHYHO MaTeMaTu4eCckyro 6a3y.

KnroueBble cnoBa: CUMMETPUS; OTPaXXeHME; NOBOPOT; N300paKeHUs; KOIPULNEHT
XKakkapa; KOCMHYCHOe CX0ACTBO; OO bACHMMbIN UCKYCCTBEHHbIN UHTEMNMEKT.
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Introduction

Symmetry is an essential structural principle in natural and artificial objects. In
computer vision, reflection symmetry serves as a powerful geometric prior that can simplify
tasks such as shape analysis, segmentation, classification, and medical image interpretation
[1-4]. It can also be used in object detection [5], [6], and target tracking and analysis [7]. In
the realm of medicine, the symmetry of human organs is a crucial attribute that healthcare
professionals can employ for diagnosing specific illnesses. For example, the detection of
tumour cells in the brain, liver, lung and prostate tissues [8], [9]. While humans can easily
identify axes of symmetry, reliable algorithmic detection remains non-trivial due to noise,
occlusions, artifacts, and low contrast—particularly in biomedical images.

Traditional algorithms use methods such as rotation functions, boundary skeleton
functions, and pairwise comparisons of skeletal primitives. However, these techniques suffer
from computational inefficiencies or limited interpretability. In the context of explainable
Al (XAl), explicit geometric descriptors, such as symmetry axes, offer transparent and
interpretable representations.

This work introduces two mathematically defined symmetry-line search strategies: a
brute-force angular sweep and a middle-outward refinement approach. Both methods rely
on explicit reflection transforms and mathematically grounded similarity measures. A central
goal is to improve interpretability by enabling users to visually inspect how candidate
symmetry lines relate to object structure.

1 Mathematical background

1.1 Definition of Reflection Symmetry:
Let an image be represented as a function:
10 cR? >R, 1)
where Q is the image domain. A line L with unit normal vector 7 = (cos6, sin) and offset
d € R is defined as:

L ={(x,y) € R?: xcosf + ysinf = d}. 2)

A point (x', y") is the reflection of (x,y) across L if:
(;I) = (;) —2((x,y) . 7T — d)n. (3)

An image is perfectly symmetric with respect to L if:
I(x,y) =1(x",y"), Y(x,y) € 0. (4)

1.2 Similarity Measures:
Symmetry is quantified by comparing the original image mask A with the reflected
mask B.
1.2.1 Jaccard Similarity
Jaccard coefficient has been introduced in [10] and has been extensively used to
measure the similarity of sets in different domains. The Jaccard similarity coefficient can be

formulated as below:
lAnB| _ |ANB|
|AUB| ~ |A|+ |B|+|4AnB]| " ®)

J(A,B) =

This equation satisfies the given inequalities:
a) 0<J<1;
b) J=1, if A=B.
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The more the image is dissimilar the more the value of J is closed to 0. This value gets closer
to 1 the more A is similar to B.
1.2.2 Cosine Similarit

Representing masks as binary vectors d,b € R, the cosine similarity index can be
expressed as [11]:

L7 ab
cos(a, b) = Gl (6)
If the images are binary:
a-b=|AnB|. @)
To stabilize detection and take advantage of both method:
S(6,d) = aJ(A,B) + (1 — a) cos(a, b), (8)

with @ € [0,1]. In this work, a was taken as 0.5.
Both the Jaccard and Cosine similarity indexes have been used in literature extensively for
similarity measures in data for varied applications [12-15].

2 Data

For this study, two datasets were used. A synthetic dataset composed of 2-D shapes:
rectangles, circles, semi-circles, ovals, triangles, parallelograms and hexagons. Each image
was an RGB image of 200 x 200 [16] in dimension. Each image was a 2-D shape rotated at
random angles from the origin. This served as our first dataset. The Kaggle platform is where
our second dataset was collected [17]. It is composed of brain MRI FLAIR images with
segmentation masks. Both tumour and non-tumour magnetic resonance (MRI) slices are
included in the second dataset. The dataset consisted of 700 images depicting 2D shapes (10
images for each shape), along with 100 MRI images.

3 Methods

3.1 Brute-Force Angled-line Method
A candidate line with equation:

xcosO — ysinf = d 9
is used to find the potential line of symmetry. The search space of candidate lines is:

96[0' T[): de[_Dmax' Dmax]' (10)
where D, IS the longest diagonal of the image, W is the width of the image and H the
height of the image.

Diax = VW?2 + H? (12)

For each candidate line:

a)convert image to binary;

b)reflect pixels above the candidate line;

¢)compute Jaccard and cosine similarity;

d)select the line maximizing the combined score S(6, d).
Algorithmic Complexity.
Let:

Ny = m /A8 ; total number of operations per 9,

Ny = 2D,,4,/Ad ; total number of operations per d,

C = number of pixels in the object mask.
using well known Big O notation analysis [18], the computational complexity of the algorithm
is about:

Tprute = O(Ng, Ny, C). (12)
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Almost all angles and pixels are touched using this approach, this explains the long
computation time observed experimentally.

3.2 Middle-Outward Method

In this approach, we first define a region of interest (ROI) in our image. This region is the

minimal space needed to contain our object (2-D figure or MRI of the brain) within a square
box. Furthermore, given that the boundary of the image has been reduced to that very closed to
the region of interest, the axis of symmetry should be very closed to the centre of mass of the
figure. Therefore, we begin the search of this axis of symmetry from this middle point.

Centre of Mass

Let A be the mask. Then:

1 1
Xec = m Z(x,y)eAx’ Ve = m Z(x,y)eA Y. (13)
The search is centred at (x., y..), reducing the parameter d to:
d' =d— (x.cosf — y.sinf). (14)

Given that the object is centred at the middle of the image, the object extends only half of its
width or height in each direction. Thus:

’ Wobj Wobj ’ Hopj Hopj
| x| =, e |- ] (15)
The maximum possible distance from the centre to a line is:
, 1
Dax = E\/Wzobj + Hzobj ) (16)
this is half the size of the original diagonal. So:
. . . d' € [__Dlmaer’max]-_ . . (17)
Comparing the maximum diagonals and given that the object is smaller than the image:
D,max << Dmax- (18)

Algorithm complexity is influenced by pixel count in image, distance-sampling range
and angle range. For both methods, the angle range remains constant. However, in the second
method, both the pixel count and the distance-sampling range are considerably reduced
linearly, which leads to a significant decrease in algorithm complexity.

Let p be the ratio of ROI size to whole image:

Tmid ~ pszrute- (19)
Results

The proposed methods were applied on both datasets and the results are presented in
the following tables (see table 1 and table 2). There were very slight angular and spatial
errors recorded in the symmetry lines found. MRI slices showed slightly higher error due to
the fact that the brain anatomy is not perfectly symmetric. Testing of the algorithm was
carried out on a laptop with characteristic: Intel® Core™ i5-8300H CPU @ 2.30Ghz.

The tables presented below illustrate that the symmetry lines of geometric shapes are
clearly identifiable. In contrast, MRI images exhibit greater complexity, resulting in the
identification of symmetry lines that are less precise.

The accuracy of the symmetry lines identified is notably higher for classical
geometric shapes when juxtaposed with those observed in MRI images.

Furthermore, the Jaccard coefficient values appear to provide a more effective
representation of the complexity inherent in both MRI images and geometric shapes.

18 Mpobnembl MCKyccTBEHHOrO MHTennekta 2026 Ne 1(40)



Symmetry Line Detection in Images Using Angled-Line and Middle-Outward Techniques

K
Table 1- Symmetry line results for geometric shapes
Category Cosine lin Jaccard line Cosine value | Jaccard value
Triangle gL s | 0.988 0.977
Circle 0.996 0.991
Oval = 1 0.999
Semi-circle 0.957 0.917
Hexagon 0.976 0.953
Rectangle 1 1
Parallelogram 0.933 0.874
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Table 2 — Symmetry line results for MRI

Category Jaccard line Cosine value | Jaccard value
MRI image B | 0.943 0.892
MRI image e 10,944 0.894
MRI image 0.926 0.863

The algorithms employed yielded outstanding results in identifying the lines of
symmetry across all images within the dataset. In Table 3 below, one can observe the average
processing time for each method categorized by image type. Our middle-outward approach
was approximately twice as fast as the brute-force angled line method. The processing time
is particularly critical when dealing with complex images such as MRI scans. The output
from a standard MRI examination is a video, which consists of a sequence of images
displayed at a specific speed. The task of identifying lines of symmetry in the images
contained within a video correlates with the complexity of those images. Symmetry in the
brain is an essential factor utilized by medical professionals for tumour detection. For a
decision support system designed to assist physicians in this task in real-time, maintaining a
low average processing time is vital.

Table 3 Processing time

Category Brute-force angled line (average time | Middle-outward (average time
in minutes) in minutes)
Parallelogram 3.59 1.42
Circle 4.85 1.25
Semi-circle 5.16 1.97
Triangle 4.86 1.34
Oval 3.36 1.26
Hexagon 4.67 1.22
Rectangle 5.72 2.37
MRI images 27.57 9.85
Discussion

Both algorithms produce high symmetry scores across synthetic and MRI datasets. The
brute-force approach is mathematically complete but computationally expensive. The
middle-outward approach improves computational efficiency while maintaining accuracy.
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Symmetry Line Detection in Images Using Angled-Line and Middle-Outward Techniques

K

An average reduction of 66% for the 2-D shapes and 63% for MRI images, in processing
time was observed with the middle-outward technique. However, due to the non-perfect
symmetric nature of the brain, the best symmetry line differed from the ground-truth.
Importantly, the explicit mathematical formulation of the reflection transforms and similarity
measures contributes to interpretability—supporting explainable artificial intelligence (XAl)
principles [19].

Conclusion

This study proposes two mathematically grounded, explainable approaches for symmetry
line detection. The methods deliver high accuracy across diverse shapes and medical images.
Although computationally expensive, the angled-line brute-force method is robust, while the
middle-outward approach provides a practical compromise. Symmetry lines were successfully
found for all images in the dataset. The essence of this work was to find a threshold value for
MRI similarity measure. Based on the results obtained, a threshold of 0.87 for the similarity
measure could be proposed. Beneath this value, the symmetry line is less accurate.

Future work includes continuous optimization of parameter space and employing
differentiable symmetry operators.
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RESUME

Kamguia Feukwi H., Goncharova A.B.

Symmetry Line Detection In Images Using Angled-Line And Middle-Outward Techniques
Reflection symmetry is a fundamental geometric property that supports object analysis in

computer vision, pattern recognition, and medical image interpretation. Accurately identifying

symmetry axes enables improved shape understanding, structural analysis, and anomaly

detection. Some methods based on contours, rotation functions, or skeleton primitives are also

used to estimate symmetry, but some lack interpretability or struggle with noise and imaging
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artifacts, particularly in medical data. In the context of explainable artificial intelligence (XAl),
explicit geometric symmetry descriptors offer transparent and reliable insights. This study
proposes two mathematically grounded techniques for detecting symmetry lines in 2D images:
(1) abrute-force angled-line sweep and (2) a middle-outward optimized approach. Both methods
are based on reflection operations and similarity metrics of binary masks. The objective is to
improve symmetry estimation accuracy, computational efficiency, and explainability across
synthetic shapes and MRI brain scans.

Two datasets were evaluated. The first consisted of 2D synthetic geometric shapes
(circles, rectangles, squares, ovals, triangles, semicircles, and hexagons), each embedded in
a 200 x 200 image and randomly rotated. The second dataset comprised brain MRI FLAIR
slices from the Kaggle dataset, including both healthy and tumor images. Candidate
symmetry lines were parameterized using the angled formulation of a line. Symmetry was
quantified by two similarity measures: the Jaccard index and cosine similarity. Two
strategies were implemented. The brute-force method exhaustively evaluated the full
parameter space, ensuring maximal accuracy at high computational cost. The middle-
outward method determined the region of interest and center of mass, constraining the scan
around the object and reducing the search space by a factor proportional to the ROI size.

Across all geometric shapes, cosine and Jaccard similarity values ranged from 0.874 to
1.0. Highly symmetric shapes such as circles, and rectangles achieved perfect or near-perfect
scores. More complex shapes (triangles, semicircles) produced slightly lower but still strong
symmetry values. Hexagons and ovals consistently showed high accuracy with both metrics. For
MRI images, the method achieved a mean cosine similarity of 0.833 and a mean Jaccard
similarity of 0.937 despite natural anatomical asymmetries and imaging artifacts. The middle-
outward algorithm substantially reduced computation time by 1.5-2.5 times while preserving
accuracy, confirming the benefit of restricting the search around the object's centre.

This work introduces two interpretable and mathematically explicit approaches for
symmetry-line detection applicable to synthetic shapes and medical images based on known
mathematic formulations. Both approaches consistently identified accurate symmetry axes, with
the brute-force method guaranteeing exhaustive evaluation and the middle-outward method
offering a significantly more efficient alternative. The results demonstrate the potential of using
symmetries within XAl approaches for medical diagnostics and decision support tasks.

PE3IOME

Kameys ®eyksu X., [oH4aposa A.b.
O6HapyxeHue cuMMempUYHbIX TUHUU 8 U30bpaxkeHusix
C MMOMOWb0 Memo0o8 yer108bIX JIUHUU U CpeOUHHbIX JTUHUU

CI/IMMeTpl/IH ABJISICTCA BaXKHBIM I'COMCTPHYCCKUM CBOI\/IICTBOM, HIMPOKO MCIIOJIb3YEMBIM B
3aj71a4ax KOMITBIOTEPHOTO 3pEHHs, paclio3HaBaHUs 00pa30B M aHaIM3a MEIUIIMHCKUX M300pa-
xeHuil. OmpeneneHne OCH CUMMETPUHM CHOCOOCTBYeT 0Oojiee TOYHOMY OMMCaHHIO0 (HOPMBI
00BEKTa, aHAIN3Y €r0 CTPYKTYPHBIX OCOOEHHOCTEN 1 BBISIBIEHUIO aHOMaMi. OJTHAKO CyIecT-
BYIOIIME MOJXO/bI HEPEIKO UyBCTBUTEIBHBI K IIyMY, apTe(akTtaM M HU3KOM KOHTPACTHOCTH
M300pakeHM, YTO OCOOCHHO XapaKTEePHO Il MEAUIIMHCKUX JTAaHHBIX. B KOHTEKcTE 0OBSICHU-
MOro UCKycCTBeHHOro uHresuiekra (XAl) siBHbIe JeCKpUITOPBI TEOMETPUUECKOH CUMMETPUH
MPEIOCTaBISAIOT TpO3payHble U HaAEKHbIE MHCTPYMEHTHl. B pabore mpemnaraiorcs 1aBa
MaTreMaTn4ecku 0OOCHOBAHHBIX U MHTEPIPETUPYEMBIX METO/IA MOUCKA TMHUU cuMmeTpuu: (1)
OpyTdopcHOe yriioBoe CKaHUpOBaHHUE U (2) cTpaTeruio moucka ot IeHTpa k nepudepun. Oda
METO/Ia OCHOBAHBI Ha OTIEPAIUsIX OTPAKEHHS M METPUKAX CXOACTBA OMHAPHBIX Macok. Llems —
MOBBICHTh TOYHOCTh OLIEHKH CUMMETPUH, BBIYUCIUTENBHYIO 3P(PEKTUBHOCTh U OOBSICHUMOCTb
cunTeTnyeckux Gopm u MPT-ckanupoBaHus Mo3ra.
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J1J1 uccieioBaHus HCIIOJIB30BAIMCH JIBa Ha0opa NaHHbIX. [lepBhIil BKITIOYA CHHTE-
TUYECKHUE ABYMEpHbIE (PUTYpHI (KPYTH, IPSIMOYTOJILHUKH, KBAaJIPAaThl, OBAJIbI, TPEYTOJIbHUKH,
MOJTYKPYTH, TapauIeTIOrPaMMBI, IECTHYTOJIBLHUKH ), Ipe/icTaBiIeHHbIE B Buje RGB-n3006pa-
kenur pazmepom 200 X 200 nmukcesnedl ¢ MPOU3BOJIBHBIM MOBOPOTOM. BTopoi Habop
cocrosin u3 FLAIR-cpesoB MPT ronoBHoro mosra (310poBbie U omyxoiieBbie) ¢ Kaggle.
JIuHuM-KaHAUIATHl 3a7aBAIUCh NapaMeTPUUECKUM ypaBHEHHEM mpsaMoi. [lns oreHku
CUMMETPUN HCTOIB30BAINCh KO3 dummeHT XKakkapa u KOCHHYCHOE CXOICTBO. Meton
YTJI0BOTO Miepedopa BBIYUCIISUT 3HAYSHHs] METPUK JIJIsl BCEX JOMYCTUMBIX Map MapameTpoB
nuHuA. CpeauHHBIA METOJ| ONpeNessul IEHTP Macc OObEKTa M OTPaHUYMBAI TIOHWCK B
npenenax ROI, yTo mo3Bossiio CyIIECTBEHHO COKPATUTh BBIYUCIUTEIbHbBIC 3aTPATHI.

Jnst cunTetndyeckux ¢uryp xod¢p¢umuentsl JKakkapa U KOCHHYCHOTO CXOZCTBa
Haxoauiuck B nuamnaszone ot 0,874 no 1,0, 4To NOATBEPKAAET BHICOKYHO TOUHOCTh OIpeie-
JICHUS JIMHUU cuMMeTpuu. Hambosee cummerpudnbie GUTYPBI (KPYTH, MPSIMOYTOJIBLHUKHN)
JaBalM TOYTH WJEaNbHBIE pe3yiabTaThl. boiiee ciaoxkHbIe (GUTYpHl (TPEYrOIbHUKH,
MOJTYKPYTH) IEMOHCTPHPOBAIA HECKOJIBKO 00JIee HU3KHE 3HAUCHUSI METPUK, HO COXPaHSIIH
xopolee KayecTBO oOHapyxkeHus. B ciaygae MPT-uzoOpakeHuil cpenHue 3HaueHUs
KOCUHYCHOTO cxojicTBa coctaBmiv 0,833, a koadppunmenta Kakkapa — 0,937. CpequHHBINH
MeTOJI OOecreuns COKpalleHue BpeMeHH o0paboTku B 1,5-2,5 paza mo cpaBHEHUIO C
MIOJIHBIM YTJIOBBIM MEpe0OpOM MPH COXPAHEHUHU COIMOCTABUMON TOYHOCTH.

[IpennoxxeHHbIE METO Bl 00ECIICUNBAIOT HHTEPIIPETHPYEMOE B YCTOHUUBOE OIpeie-
JICHUE JTMHUN CUMMETPUH ISl CAHTETHYECKUX M MEIUIIMHCKUX U300pakeHuil. Meroa moJ-
HOTO Tepedopa o0ecreurBaeT MaKCUMaIbHYI0 TOYHOCTh, HO TpeOyeT 3HaYUTENbHBIX BbI-
YUCIIUTEIBHBIX pecypcoB. CpearHHBIN MOaX0 SBIseTcss 0oee d3(h(HEKTHBHBIM U TPAKTH-
YeCKH MPUMEHUMBIM, OCOOECHHO MPH aHAINU3€ MEAUIIMHCKUX JaHHBIX. Pe3ynbTarsl JeMOH-
CTPUPYIOT TOTECHIIMAJ HCIOJIb30BAHUS CUMMETPUH B paMKax IMOIXOJ0B OOBSICHUMOTO
MCKYCCTBEHHOT'O MHTEJIEKTA JJI 3a7a4 MEAUIIMHCKON TUArHOCTUKHU U MOAJIEPKKU MPUHS -
THSl pELICHUM.
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