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Abstract. In this work a real-time wrestling match analysis system built on the YOLO26x-
Pose detector is described. The system runs four modules in sequence: two-dimensional pose
estimation for both wrestlers; appearance-based re-identification (RelD) using MobileNetV3-
Small embeddings with Hungarian assignment and three-speed exponential moving average
(EMA) updates; a heuristic finite-state machine (FSM) that assigns one of five match states:
SEPARATION, CLINCH, TAKEDOWN_ATTEMPT, PAR_TERRE, DANGER from skeletal
geometry; and a homography-based top-down minimap. The RelD module includes an
entanglement-aware EMA freeze, anchor-drift protection, per-zone passivity timing, and per-
frame CSV logging. On a standard GPU, without any wearable sensors, the system achieves a
mean Identity Preservation Rate (IPR) of 90.1%, FSM accuracy of 85.0%, and 27.7 FPS
throughput.

Keywords: intelligent system, wrestling, computer vision, pose estimation, re-
identification, finite-state machine, real-time analytics.

Introduction. Tracking two wrestlers through grips, throws, and par terre holds is harder
than standard multi-person tracking. Their bounding boxes overlap for extended periods, their
appearances become indistinguishable mid-clinch, and the brief separations between contact
phases give trackers little time to recover lost identity. Referees face the same perceptual load,
which is why automated analysis tools could add practical value in training and officiating.

Computer vision research in sports has concentrated heavily on football, basketball, and
hockey [1, 15]; combat sports have attracted comparatively little attention. Wearable sensor
systems [2] offer one path to athlete monitoring but degrade under high-contact conditions where
sensors shift or readings saturate. A smart mat approach [3] addressed exercise recognition in
isolation but not the problem of tracking two bodies in contact across a shared surface.

BlazePose [4] and YOLO-Pose [5] can localize 17 body keypoints at real-time rates. RelD
pipelines designed for pedestrian surveillance [6] transfer poorly to wrestling: when two wrestlers
clinch, their bounding boxes merge and their crops look nearly identical. Lightweight CNN
descriptors can still maintain accuracy under these conditions at acceptable compute cost [7].

Technical action recognition in combat sports has seen limited systematic work. Multi-
view video synchronized with IMU data [8] can resolve ambiguities that single-camera systems
miss. Temporal action spotting methods from team sports [9] show that learned detectors can
localize brief events, though the open-field setting differs substantially from two bodies in constant
contact. Top-down mat visualizations exist for team sports [10] but not, to our knowledge, for
wrestling with full perspective correction. Passivity detection that is flagging when a wrestler
avoids engagement in the outer zone has not been addressed computationally.

This study builds an integrated system combining YOLO26x-Pose [11], MobileNetV3-
Small-based RelD [13], a directed FSM, and a projective minimap.
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Materials and Methods. The system integrates several interconnected modules into a
unified video processing pipeline as shown in Figure 1. On each frame, all people on the mat are
detected with simultaneous body keypoint extraction. The resulting detections are matched against
three pre-registered reference embeddings (wrestler O, wrestler 1, referee) via RelD. Updated
wrestler tracks are passed to the FSM module, and their positions are projected onto the minimap
via homography. All data are recorded to a CSV file and displayed in the graphical interface.
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Figure 1. Architecture diagram of the real-time wrestling analysis system.

For person detection and pose estimation, the YOLO26x-Pose model (Ultralytics) [11] is
used in a single forward pass. The video stream is processed at a resolution of 1280 pixels. For
each detection, a bounding box and an array of 17 COCO body keypoints are formed:

K = (ki = (%, vi, ¢)}i20, ¢i € [0, 1], 1)

where c; is the keypoint confidence score. Keypoints with ¢; < 0.3 are considered unreliable and
excluded from subsequent computations.

Before analysis begins, the operator performs a one-time mat calibration in the
MatCalibrationDialog window by clicking twice on each of the four mat sides (top, right,
bottom, left), defining 8 reference points in total. For each pair of points on one side, a line equation
is determined, and the four mat corner points are computed as pairwise intersections of adjacent
lines:

P, intersect(Lyop, Lient)
Pel _ intersect (Ltop, Lright) @)
Py intersect(Lbottom. Lright)

intersect(Lyottoms Licft)
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From the four corner points src and a target rectangle dst of size s x s pixels, the 3 X 3
perspective transformation matrix is computed.

Matrix H is applied frame-by-frame to transform wrestler pixel coordinates into minimap
coordinates, providing a top-down view regardless of camera position. The real mat size follows
the UWW standard of 12 x 12m.

After mat calibration, the user selects the match starting frame via the PlaybackDialog.
The system scans 30 frames around the selected moment and chooses the frame with the
maximum number of detections whose ankle keypoints lie inside the mat contour.

In the WrestlerConfirmDialog, the operator assigns three slots: wrestler 0 (WO), wrestler
1 (W1), and referee (REF). The system automatically proposes the three detections closest to the
mat center; the operator may correct the assignment. After confirmation, a reference embedding
for each slot is computed via a single batch forward pass through MobileNetV3-Small [13]:

faot = embed(/, by), slot € {W0, W1, REF}, 3)

References are stored as L2-normalized vectors of dimension 576, and their copies are fixed
as immutable anchors to protect against drift.

On each frame, all Ndetections are embedded in a single batch forward pass through
MobileNetV3-Small - a feature extractor operating in fp16 on CUDA vyielding a set of candidate
descriptors € = {¢;}7-5.

The cosine distance matrix is constructed for all slot—candidate pairs:

D(r,j)=1~f ¢, (4)
The optimal assignment is found via the Hungarian algorithm [14]:

(r*,j7) = arg min Y D(r,0(r)),D(r, 0(r)) < beose ()
where 6. = 0.30 is the acceptance threshold.

After assignment, the reference descriptor is updated via a three-speed exponential moving
average (EMA):

e A—a) fr tag (6)
where « is selected by the rule:
A = 004’, lfD(T',]) <0.12
a =1 agy, = 0.01, if0.12 < D(r,j) < 0.30, (7)
Qmin = 0.002, if D(r,j) = 0.30

If the loU of the two wrestlers' bounding boxes exceeds 0.30, their images are mutually
contaminated, making reference updates unreliable. In this case, ais forced to zero for all wrestler
slots:

entangled = IoU(bboxy,, bboxy1) > 0.30 = ayo = (8)
Ay = 0,
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After each update, the cosine distance between the updated reference f,. and the fixed anchor
a, is computed:

drift, =1 — £, - a,, ©)

If drift, > 0.20, the reference is reset to the anchor: f,. < a,. This prevents irreversible
reference degradation during prolonged entanglement.

The TechniqueRecognizer finite-state machine assigns one of five match states per frame
based on geometric features of the two wrestlers, evaluated in descending priority:

DANGER > PAR TERRE > TAKEDOWN ATTEMPT > CLINCH > SEPARATION

For each wrestler i, the following features are computed: trunk lean angle lean; - the angle
from vertical of the mid-shoulders-to-mid-hips vector in degrees (0° = upright, 90°= horizontal);

maxy —miny (10), where hy,, is the bounding box height;

vertical span coefficient span. =
t Rbbox

. . two—t
normalized torso-center distance torsog;s = Tewo=twal (11).

Wirame

State transition rules, in descending priority:

State =
DANGER if 3 i:lean; > 65° A span; < 0.50
PAR_TERRE if 3 i:lean; > 50° A span; < 0.60 (12
TAKEDOWN ATT. iftorsogs < 0.35 Alean,; > 40° A headatty > hip,, )
CLINCH if torsog;se < 0.35 A leany,y < 35° A leany,; < 35°
SEPARATION otherwise

Majority voting in a sliding window of 10 frames suppresses isolated detector errors: the
FSM state is updated only when the leading class in the window changes. A state transition
generates a TechniqueEvent recording the subject (attacking wrestler index, or None for bilateral
events) and the frame number.

The pixel position of each wrestler is computed as the mean of ankle coordinates (or hip
joints if ankles are absent):

pos; = 2kletankler, (13)

The projected minimap position mm; = H - pos; (14) is smoothed over 5 frames to reduce
keypoint jitter. The minimap marks three zones per UWW regulations: central circle (r = 0.5 m),
competition zone (r = 3.5 m), and passive zone (r = 4.5 m).

Per-frame statistics logged for each wrestler: cumulative travel in meters, with a 0.10-1.50
m/frame dead zone to filter keypoint noise and identity-switch artifacts; time in the passive zone
(frames where 3.5 < r < 4.5m, converted to seconds); current zone label - Center (r < 0.5 m),
Comepetition (0.5 < r < 3.5m), or Passivity (r > 3.5 m); and distance from mat center. All fields
are written to CSV each frame.

Results. The implementation uses Python 3.10 with Ultralytics > 8.4, PyTorch > 2.0 /
torchvision > 0.15, PyQt6 > 6.6, OpenCV > 4.9, Supervision > 0.26, and SciPy > 1.10, on an
NVIDIA RTX-class GPU. RelD runs in fp16; YOLO uses GPU device 0.
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The dataset comprised 10 wrestler pairs (20 athletes: 12 men, 8 women) at three locations:
a sports hall with overhead camera and uniform artificial light (A); a multi-purpose hall with mixed
lighting and a side camera (B); a university training hall with variable lighting and a slight camera
tilt (C). Each pair completed 3 bouts of 3-6 minutes - 30 recordings, approximately 243,000
annotated frames at 30 fps. Two certified referees labeled FSM states and wrestler identities
independently; inter-annotator agreement was k = 0.88.

Location A gave the best results (IPR = 93.7%, FSM accuracy = 89.4%), as shown in Table
1. At B and C, changing ambient light and occasional bystanders in frame pulled both metrics
down. Averaged across all three sites: IPR = 89.1%, FSM accuracy = 85.0%.

Table 1 - Overall system performance by location

Location Shooting conditions RelD IPR,% FSMacc.,%  FPS Latency, ms
A Uniform artificial light 93.7 89.4 28.4 35.2
B Mixed lighting 88.2 84.1 27.8 36.0
C Variable light, side camera 85.4 81.6 26.9 37.2
Mean - 89.1 85.0 271.7 36.1

Per-class FSM results are shown in Table 2. SEPARATION achieves the highest F1 (95.7%)
and DANGER the second highest (92.5%), both having clear geometric signatures.
TAKEDOWN_ATT. yields the lowest F1 (78.9%) due to its brief duration (0.3-0.8 s) relative to
the 10-frame voting window. Mean macro F1 is 87.1%.

Table 2 - FSM technical action classification results

FSM State Precision, % Recall, % F1, % Typical misclassifications
SEPARATION 95.1 96.4 95.7 Early CLINCH on approach
CLINCH 82.3 79.8 81.0 Confusion with TAKEDOWN_ATT.
TAKEDOWN_ATT. 80.6 77.2 78.9 Short phase duration

PAR_TERRE 88.4 86.7 87.5 Confusion with DANGER on lean
DANGER 91.2 93.8 925 False positives on fall

Macro avg 87.5 86.8 87.1

The contribution of the entanglement-aware EMA freeze is shown in Table 3. At full
entanglement (IoU > 0.30, present in 13.5% of frames), the freeze raises IPR from 71.3% to 84.1%
(+12.8 p.p.). Frame-weighted mean IPR increases from 85.8% to 90.1% (+4.3 p.p.).

Table 3 - RelD accuracy under varying overlap (loU) conditions
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loU overlap condition

No overlap (loU < 0.10)

Partial (0.10 <IoU < 0.30)

Entanglement (IoU > 0.30)

Mean (frame-weighted)

Frames,
%

58.4

28.1

13.5

100

Without EMA freeze,
%

97.8

88.4

71.3

85.8

With EMA freeze, %

97.8

88.4

84.1

90.1

Gain, p.p.

+12.8

+4.3

Detailed pipeline latency is given in Table 4. The dominant component is YOLO26x-Pose
(22.4 ms, 62% of cycle). Total latency is 36.1 +2.3 ms, yielding 27.7 FPS.

Table 4 - Pipeline component latency

Pipeline component

Mean, ms Std, ms

YOLO26x-Pose (inference, GPU) 22.4
RelD  batch, MobileNetV3-Small 48
(fp16)

Hungarian algorithm (3 slots) <1
FSM + homography + statistics 8.9
Total (1 frame) 36.1

Min—-Max, ms

Cycle share, %

1.8 18.1-28.6 62.0
0.4 3.9-6.2 13.3
- - 2.8
0.6 7.1-114 24.7
2.3 29.1-47.2 27.7 FPS

Comparison with two baseline methods on the same 30-bout test set is presented in Table 5.
Baseline 1 (BlazePose [4] + IoU tracker, no RelD) achieves IPR =67.3% and FSM accuracy
70.8%: loU tracking loses identity at every overlap event. Baseline 2 (YOLO-Pose [5] + cosine
RelD without EMA or Hungarian algorithm) improves IPR to 79.8% and FSM accuracy to 79.3%,
but reference descriptors drift during prolonged clinches. The full proposed system achieves
IPR =90.1%, FSM accuracy 85.0%, and 36.1 ms latency.

Table 5 - Comparison with baseline methods (30 bouts, mean over locations A—C)

Method

Baseline 1: BlazePose [4]

and loU tracker

Baseline 2: YOLO-Pose [5]

and cosine RelD

Proposed w/o EMA freeze

(ablation)

Proposed system (full)

Pose detector

BlazePose [4]

YOLO-Pose [5]

YOLO26x-Pose

YOLO26x-Pose

RelD module IPR, % FSMO FPS
acc., %

None (IoU 573 70.8 24.1
tracker)

Cosine (N0 EMA, 794 793 26.4
no Hungarian)

Full and no freeze | 85.8 83.2 27.4
fF“” and EMA|q01  |gs0 277
reeze

Latency, ms

41.5

37.9

36.5

36.1
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Mean wrestler positioning error on the minimap was 0.31+0.14 m. Mean absolute error
(MAE) of passivity time versus referee annotation was 1.8 +0.7 s per bout, mainly due to zone-
transition latency near the passive-zone boundary.

Discussion. The system reaches 90.1% IPR and 87.1% macro F1. The ablation numbers are
instructive: swapping YOLO26x-Pose for BlazePose costs 22.8 IPR points; removing the EMA
freeze costs another 4.3. The two components address different failure modes and their gains do
not overlap - which also explains why the full pipeline at 36.1 ms is worth the extra 5.4 ms over
Baseline 1.

The FSM's advantage over a learned classifier is legibility: every state transition traces back
to a specific threshold on lean angle or torso distance. That matters in officiating contexts, where
a result needs to be explainable, not just accurate. The weak point is TAKEDOWN_ATT. (F1 =
78.9%) - the action typically lasts 0.3-0.8 s, which gives the 10-frame voting window little to work
with. A 5-frame window would likely recover some recall, at the cost of more false positives
elsewhere; that trade-off has not been tested and should be.

The anchor rollback fires when cosine drift exceeds 0.20, snapping the reference back to its
initial state. The snap is abrupt: after clinches longer than roughly 8 s, identity occasionally flips
for a frame or two before stabilizing. Soft re-initialization - blending current and anchor rather
than replacing outright - is the natural fix. On passivity timing, 1.8 s MAE per bout is acceptable
for coach feedback but not for a system that would trigger an official warning.

The main constraint on all these results is data. Thirty bouts from 20 athletes at three
locations do not cover the lighting conditions, camera angles, and body types that vary across
weight classes and competition levels.

Conclusion. The system tracks two wrestlers in real time, classifies their match state, and
maps their positions to a calibrated top-down minimap - from a single fixed camera, no wearables,
at 27.7 FPS. The entanglement-aware EMA freeze is the core technical contribution: it stops
identity corruption during the clinch phases that break standard trackers. The geometric FSM is a
deliberate trade-off - lower ceiling than a learned model, but every decision is auditable. Three
things would meaningfully extend this work: a larger dataset spanning more competition contexts,
multi-camera fusion to handle par terre occlusions, and a passivity detector tight enough for live
officiating use.
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YOLO26X-POSE JKOHE BAJTYAHJAPIbBI KAMTA TAHY HET'I3IHJE KYPEC
BEJJIECYJIEPIH HAKTBI YAKBIT PEXKUMIHJE ABTOMATTBI TAJIJAY
KYUECIH 93IPJIEY

1Taccei6aes /1. B.3, 2Jlagadaes O., *Capunukmuii B.

YUstana IT University / «Industry 4.0» F30, Acmana x., Kazaxcman
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oupexkyusicel, Acmana K., Kazaxcman

Xam anmacy ywin asmop: Taccwibaes /]. B. tassybayev.kostanay@gmail.com

Anparna. byn sxymeicta YOLO26X-Pose netekTopbl Heri3iHIEe o3IpJ€HIeH, Kypec
OenjecyiepiH HaKTbl YyakKbIT peXUMIHAE Tangay Kyieci ycbiHbUIFaH. JKyile periMeH
OpBIHIANATBIH TOPT MOJYJIBJAEH TYpaJbl: KOC OadyaHHBIH J€HE KAJIIbIH €Kl eJIIIeM/i aHbIKTay;
CBIPT KeNbeT cumarrapbiHa Heri3zenreH kairta tany (RelD) - 6yn ymin MobileNetV3-Small
sMOeIuHITEpl, Maxkap aaropuTMi KoHE JAepeKTep/l 'KaHapTyFa apHaIFaH YUI >KbUILAAMIIBIKTHI
9KCMOHEHIMAIIBI KbUDKbIMAJBI opTama MoH (EMA) KongaHbiiagsl; KaHKa T€OMETPHSICHIHA
cydieHe oOThIphin, Oengecy OapbichiH Oec kyimin Oipine (APAKAIIBIKTBIK, KJIMHY,
ITAPTEPTE TYCIPY OPEKETI, ITAPTEP, KAVIIITI )I(AF}IAﬁ) JKATKBI3aThIH 3BPUCTUKAIIBIK
mrekti apromar (FSM); conmaii-ak romorpadus d1iciMeH kacaiFaH KiJISMHIH KOFapblJJaH TOMECH
Kapail kepiHeTiH mmarbiH KapTacel. Kaiita tany (RelD) monynine GamyaHaapasiH e3apa aiKachim
KaJFaH COTTEpiH eckepe oThipbil EMA MoHIEepiH TOKTaTy, TipeK HYKTENEpiHIH aybITKybIHaH
Kopray, 003 Kinemjeri aiimakTap OOibIHIIIA TACCUBTUIIK YaKbITBIH €CENTEY KOHE 9p KaJlp cailblH
CSV ¢dopmareiHga aepektepai Tipkey (yHKIMsIaphl eHriziireH. I'padukanslk mporeccopiaa
(GPU), TarbuiaThlH CEHCOPIIAPCHI3-aK OYIT XKyiie MASHTTUIIKTI cakTayabiH opraiia gaairid (IPR)
90,1%, Gennecy kyiin anpikray tuiMainiria (FSM) 85,0% »xone cexynawina 27,7 xanp (FPS)
OHIMJILTITIH KOPCETTI.
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Tyiiin ce3ep: HHTEIUIEKTY I bl KY€, Kypec, KOMITbIOTEPIIIK KOpy, ACHE KAJTIbIH aHBIKTaY,
KaiiTa TaHy, IIEKTi aBTOMAT, HAKTHI YaKbITTaFbl aHAJTUTHKA.

PABPABOTKA CUCTEMbBI ABTOMATHYECKOI'O AHAJIU3A BOPITOBCKHX
INOEJUHKOB B PEXKUME PEAJIBHOI'O BPEMEHH HA OCHOBE YOLO26X-POSE
U MTIOBTOPHOU UEHTUO®UKAIIMA CIIOPTCMEHOB

1Taccepi6aes /1. B.3, 2Jlanadaes O., *Capunukmuii B.

YUstana IT University / HUL] «Industry 4.0», 2. Acmana, Kazaxcman
2Hayuno-ucciedosamensckuii uncmumym Qusuueckoii Kymomypul u cnopma npu CnopmusHoti
axademuu Pecnyonuxu Y3zo6exucman, e. Tawkenm, Y30exucman

3 Tupexyus no pazeumuio cnopma Munucmepcmesa mypusma u cnopma Pecnyénuxu Kazaxcman,
2. Acmana, Kazaxcman
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AnHotanus. [Ipennoxena cuctema BHUJi€0aHaIN3a OOPLOBCKUX MOEIUHKOB B PEAIbHOM
BpeMeHHU, nocTtpoeHHass Ha jerekrope YOLO26x-Pose. KonBeiliep cOCTOMT M3 YETBIPEX
KOMIIOHEHTOB. [lepBEIii olleHMBaeT Mo3bI 000MX OOPIIOB B KaxJI0M Kaape. Bropoit - momyinb
noBropHoii uaentudukanuu (RelD) na smOeqmunarax MobileNetV3-Small - nasnagaer Tpeku
yepe3 BEHI'epCKUN aJlTOPUTM U OOHOBJISIET ONOPHBIE JECKPUNITOPHI TPEXCKOpPOCTHBIM EMA; nipu
CIUIETEHWU CIOPTCMEHOB OOHOBIIGHHWE 3aMOpa)kKMBaeTcs, mpu JApeiide geckpumnropa -
aBTOMATUYECKU OTKAaThIBaeTCs K sKopro. TpeTuil KoMnoHeHT, KoHeuHbli aBromar (FSM),
pacmo3HaéT MATh COCTOSHUN MOEAMHKA MO TeOMETPUU CKEJIeTa: pa3pbiB TUCTAHIIMH, KIUHY,
NOMbITKA TEpEeBOJa, MapTep, OMacHoe MoyiokKeHHe. UeTBEPTHIM CTPOUT MUHHU-KApPTY C BUAOM
CBepxy uepe3 romorpaduro u GUKCHpyEeT BpeMsi MaCCUBHOCTU IO 30HaM KoBpa. Bce naHHbIe
3anucbiBatorcs B CSV nokangpoBo. Ha crannaptHom GPU, 6e3 HOCUMBIX JaTYMKOB, CHCTEMA
nocturaet IPR 90,1%, Tounoctu FSM 85,0% u 27,7 FPS.

KuroueBrble ciioBa: MHTEIUIEKTyalbHasl cucTeMa, 60pb0a, KOMIBIOTEPHOE 3pEHUE, OLIEHKA
103bl, TOBTOPHAs UAEHTH(UKAINS, KOHEUHBII aBTOMAT, AaHAJIUTUKA B peaIbHOM BPEMEHHU.
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