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Introduction

In recent years, among the rapidly developing areas of machine learning
and computer vision, human pose estimation (HPE) stands out, which is
actively used in sports, based on the recognition of key points on the
human body (Keypoint Detection). On its basis, a semi-automatic offside
detection system has been created, which has been used in international
football competitions since 2022.

A large number of sports make it possible to fully realize the potential
of human pose estimation technology for solving complex dynamic problems
based on video analytics, as well as during online competitions. For each
individual problem statement, the accuracy of human pose estimation is of
great importance, and it is also necessary to take into account the specifics
of the sports. The effectiveness of the technology is unthinkable without a
large number of high-quality labeled data sets for subsequent training of
neural network models.

Among the abundance of video recordings of sporting events, very few
are labeled by people, since this takes a lot of time. Unsupervised domain
adaptation methods make it possible to do without data labeling, while
improving the quality of the model. These methods bridge the gap between
source and target data by equalizing data distributions, adapting features,
and applying trained models to a new domain with minimal additional
processing.

The described path makes models more flexible and able to work
effectively in a variety of settings without requiring significant new data
or reworking the architecture. Ultimately, using domain adaptation
methods not only speeds up the implementation process, but also reduces
development costs by reducing the need for a full training cycle for a new
model.

1. Related work
1.1. Human pose estimation

Pose estimation models require defining the topology of the points that
will make up the pose. Historically, the pose was defined by the dataset on
which the model is trained, but since 2015, the most common has been the
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17-point topology proposed by researchers at Microsoft [1]. All newer
“skeleton” descriptions are extensions of this and specify the position of the
limbs.

In the world of human body keypoint recognition, there are two
approaches to solving problems today: top-down and bottom-up. The first
approach requires an additional detector that localizes a person in the
image. Then, the necessary keypoints are recognized in the localized area
and a skeleton is assembled. This ensures high prediction accuracy, but
makes the architecture vulnerable to errors at the level of human detection.
The second approach, on the contrary, recognizes all keypoints in the
image at once, and only then solves the problem of correctly distributing
the points across the “skeletons”. Models using this approach require
a high-resolution image as input, which increases the consumption of
resources for their training.

Due to resource limitations, the study considered top-down models
such as the Simple Coordinate Classification (SimCC) [2] algorithm with
the ResNet neural network as the backbone, and the RTMPose [3] model.
Both architectures are described in the MMPose project from OpenMMULab
[4], which allowed universalization of the code for the training process and
adaptation of different models.

1.2. Domain adaptation

Domain adaptation is a special case of the transfer learning problem:
when the problem statement remains constant, and only the data set
(domain) changes. Unsupervised domain adaptation is commonly used
when only raw data without annotations is available. It allows a model
trained on a large and universal domain to maintain high accuracy of
predicted results and performance on a previously unknown dataset,
avoiding the cost of additional training. This creates the ability to quickly
configure a neural network to work on a highly specialized task, while
saving enormous resources for analyzing and labeling new data.

Existing methods for adapting human pose estimation models to an
unlabeled domain use additional neural networks, such as an adversarial
regressor in Regressive Domain Adaptation [5] or style transfer models and
the average teacher algorithm in Unified Framework [6]. This increases the
computational complexity of the method and also requires manipulations
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with internal layers of the architecture, which complicates software
implementation.

There is also a simpler but effective method called Progressive
Unsupervised Learning[7], which works without adding additional neural
networks. The basic idea behind PUL is to iteratively train the model on
the best of its predictions, resulting in improved performance accuracy.
In such a case, the model predictions are called a pseudo-label or a set
of pseudo-labels, and the best ones are selected by a chosen filtering
function. Thus, the problem of the method is reduced to the correctness of
choosing such a function so that the algorithm does not turn out to be
computationally complex and the neural network demonstrates improved
performance.

In the current study, we have shown that for the task of recognizing
key points on the human body, there exists a filtering function that allows
us to use the PUL method to adapt neural network models to new domains.
The goal of the proposed function is to filter out noisy predictions using a
measure of the model’s confidence in its predictions and an adjustable
threshold value. All predictions for which the average skeletal confidence
crosses the threshold fall into a set of pseudo labels on which the model is
further trained in the current iteration.

2. Experiment

The practical part of the study involved several steps such as data
preparation, model training and then comparing their results across states.
The first stage included data preparation: data collection, processing and
partial labeling. Next, model adaptation and training was carried out
based on the prepared data. After the training process was completed, the
results were analyzed and compared to determine the effectiveness of the
domain adaptation method compared to traditional model training.

2.1. Semi-automatic data labeling system

A semi-automated pose-markup system (https://github.com/
andrwtokar/pose-markup) was created to annotate a set of videos from
the target data domain. An example of the program’s operation can be
seen at Figure 1.


https://github.com/andrwtokar/pose-markup
https://github.com/andrwtokar/pose-markup
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(a) Original image  (b) Automatic (c¢) Adjusted
marking markup

FIGURE 1. Example of the data labeling system operation.

The basis of the system was the idea of automatic markup using
the BlazePose [8] model of recognizing key points on the human body
with subsequent correction of the result by an expert. For the first part,
the public API in Python provided by the MediaPipe project was used.
Prediction results were corrected using image processing tools provided by
OpenCV library.

A 17-point COCO [1] topology was chosen as the base topology. For
each frame the annotation is written in JSON format with the possibility of
further aggregation of the results of several frames into one JSON file.

Analyzing the data labeling performed by the system showed how
much it reduces the amount of resources consumed. It was noticed that on
average 6.5 points out of 17 were changed on the frame. And most often it
was necessary to correct coordinates of the points of the hand, located
farther from the camera, and the head. More detailed distribution of the
changes made can be seen on Figure 2.

The time of automatic markup of a video with 420 frames took about
2 minutes. Point correction took an average of 3 minutes per frame. In
total, it took 24 hours of work to markup 420 frames of target data. If
2500 frames were marked up, it would have taken more than 120 hours.
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[

FicURrE 2. Schematic representation of changes in points
made by the expert.

2.2. Data

Two datasets were chosen for the study: a universal dataset on which
the model will be baseline trained, and a target dataset to which we will
adapt the model.

The COCO dataset [1] was chosen as the first one. Due to its large
size and limited resources for training, it was decided to reduce the volume.
From more than 250 thousand poses, only those with all 17 keypoints
consistent with the COCO topology were selected. As a result, a universal
set consisting of 8 thousand annotated poses represented in 6 thousand
images was obtained.

The small second dataset was created manually. For this purpose, two
videos of single training sessions of boxer athletes of 2500 frames each were
taken. The first one was used for the iterative method of model adaptation.
From the second video, 420 frames were selected, which were further
labeled using the pose-markup system created for this purpose, and used
for model refinement and metrics extraction. An example of the resulting
data can be seen in Figure 3.
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FIGUurE 3. Examples of images of the target domain.

2.3. Metrics

Pose estimation articles use average precision (AP) metric based on
object keypoint similarity (OKS) metric as a basic metric. However, it
requires knowledge of the standard deviation of keypoints for the selected
dataset, which requires a large sample size and resources to collect statistics.

Among many similar metrics that evaluate the error between predicted
and real points, the metric percentage of correct keypoints (PCK) stands
out. The advantage of this metric is that it can be applied to both
two-dimensional and three-dimensional coordinates. The error is represented
as the Euclidean distance between points and compared to a threshold
value. The mathematical formula is as follows:

(1) POK — S bool(d; < threshold * body _height)
n )

where

d; is the distance between the predicted and the correct point,
threshold is the threshold set by the researcher,

body height is the height of the rectangle the person is inside of,
bool(x) is the boolean condition, returns 1 if true and 0 otherwise,

n  is the sample size.

The PCK metric with thresholds of 0.05, 0.25 and 0.5 was used in the
experiment.
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FicURE 4. Model Adaptation Scheme

2.4. Results

The experiment compared three states of the algorithm:

(1) Base case. When the model is trained only on the universal dataset.

(2) Adapted state. We applied 10 iterations of the domain adaptation
algorithm to the base model. The model adaptation scheme is
presented in Figure 4.

(3) Pre-trained state. The base model was additionally trained on the
marked-up data from the target domain. The scheme of additional
model training is presented in Figure 5.

The pseudolabel filtering function described above involves obtaining a
confidence value for the predicted pose. This value is obtained by averaging
the confidence value over all 17 topology points.
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TABLE 1. Comparative statistics of multiple states for the
SimCC algorithm.

PCK@0.05 PCK@0.25 PCK@0.5
Baseline 0.024 0.429 0.758
Adapted model 0.037 0.445 0.792
Finetune model 0.0062 0.411 0.76

This method on the first iterations discarded more than 75 percent of
the data used for adaptation. At 10 iterations, the number of noisy poses
was close to zero, indicating that the quality of the model prediction
improved with increasing number of iterations.

The iterative process was stopped after 10 steps. If more steps were
selected, the iterative process could be stopped either when a pre-selected
accuracy was reached or when there was no change in the filtered set of
pseudo-labels.

Neural networks were trained on the Google Colaboratory platform
using Tesla T4 GPUs with 15 GB of memory. Metrics were evaluated
locally on a laptop with an NVidia MX250 GPU with 2 GB of memory.

The table shows the results obtained for the SimCC algorithm with
confidence threshold equal to 0.6. The results in Table 1 show an
improvement of the PCK metric not only relative to the baseline state, but
also relative to the additionally trained state. It should be noted that the
total time spent on adaptation was no more than 80 minutes, which is
much less than the time spent on markup the same data.
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TABLE 2. Comparative statistics of several states for the
RTMPose model.

PCK@0.05 PCK@0.25 PCK@0.5
Baseline 0.282 0.882 0.976
Adapted model 0.145 0.652 0.709
Finetune model 0.076 0.709 0.922

TABLE 3. RTMPose model prediction results without
considering fuzzy key points.

PCK@0.25 PCK@O0.5
Baseline 0.944 0.988
Adapted model 0.964 1.0

The baseline version of RTMPose showed much better results than the
previous model. The Table 2 shows that among the whole experiment, the
baseline gives the best results.

To explain the reasons for the errors, let us draw a histogram of the
distribution of correct predictions by topological points. As can be seen in
Figure 6 and Figure 7, the number of correct coordinates of the upper limb
points drops to almost zero and introduces a large error into the metric
value. The quality of prediction for ankle points also drops. The described
points of boxers are more often in motion than others and are blurred on
some frames of the video recording.

In the current version of the filtering function, these points may have
entered the training sample at the selected iteration due to the filtering
mechanism and averaging the confidence over all points to obtain pose
confidence.

To compare the performance of the algorithm without considering
blurring, we exclude these 6 points from the sample. As can be seen in
Table 3, the adapted model shows higher prediction quality relative to the
base case. In the future, in order to overcome the errors introduced by the
blurred parts of the image, it is necessary to modify the filtering function.
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Conclusion

As a result of this study, the effectiveness of Progressive Unsupervised
Learning’s teacherless domain adaptation method based on generation
and filtering of pseudo-labeled data for pose estimation models has been
demonstrated. The results obtained can be put into practice in real-time
sports systems. By selecting the filtering function, this method not only
saves a lot of resources previously spent on labeling, but also shows an
improvement in prediction quality compared to other approaches for
training a similar model.

The proposed approach of utilizing domain adaptation significantly
reduces the time to develop a task-specific solution. Therefore, it is possible
to further investigate more sophisticated filtering functions that will
improve the performance of the model.
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AHHOoTaums. B crarbe mpoBOIMTCS UCCJIEIOBAHUS AJTOPUTMOB JOMEHHOM
aJanTaluy s 33291 PACIO3HABAHMA KJIOUYEBbIX TOYEK Ha TeJIe YeJI0BEeKa C IIe/IbIO
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B nocnename ronpl cpey CTPEMHUTENIBHO PA3BUBAIOIMINXCS HAIIPABJICHNN
MAIIIHHOTO 00yYeHHsI U KOMIIBIOTEPHOI'O 3PEHUS BBIIEJISAETCH AKTHBHO IIPHMe-
HsieMasl B criopre oneHka nossl yesnoseka (Human Pose Estimation), ocHoanuast
Ha PACIO3HABAHMM KJIIOUEBBIX TOUeK Ha Tesie uesoeka (Keypoint Detection).
Ha ee ocHoBe co3jjana cucreMa IOJIyaBTOMATHIECKOTO OIpe/jiesieHnst odcaiiia,
KOTOpas! IIPUMEHSIETCSI Ha MEXKIyHAPOIHBIX (byTOOJIbHBIX COPEBHOBAHUAX C
2022 rona.

Bousbiioe KommdaecTBO BUJIOB CIIOPTa MO3BOJISIET B IIOJIHON Mepe PACKPBIThH
MMOTEHINAJT TEXHOJIOTUHU OINEHKHU O3Bl YeJIOBEKA JIJIsl PEIEeHUsT CJIOYKHBIX
JMMHAMIYECKUX 33129 Ha OCHOBE BUJCOAHAJNTUKHN, & TAKXKE B X0 COPEBHOBAHUN
B pexkuMe ortaita. [ KaxKmoit OTaeIbHOM TOCTAHOBKY 331891 UMEET OOJTBIIoe
3HAYEHNE TOYHOCTD OIEHKU TI03blI YEJIOBEKA, & TAKXKE HEOOXOIMMO YIUTHIBATH
crieruduKy BUIOB CIIOpTa. DPOEKTUBHOCTh TEXHOJIOINNA HEMBICIIMA 0Oe3
OOJIBIIIOTO KOJINYECTBA KAUECTBEHHO Pa3sMeYeHHBIX HAOOPOB MAaHHBIX JIJIs
[TOCJIEIYIOIIETO OOy UeHUsI HEHPOCETEBBIX MOJIEJIEH.

Cpenu obuust BUIAEO3AIINCEH CIIOPTUBHBIX MEPOIPUSTHI KpaiiHe MaJio
pa3MedeHHBIX JIOJIbMU, TAK KaK 9TO TPeOyeT JIOCTATOYHO MHOI'O BPEMEHH.
MeTop! foMeHHOMN ajianTanyuy 6e3 yIuTe s M03BOIAI0T 000HTHUCH Oe3 pa3MeTKI
JAHHBIX, TIPA 3TOM YJIyUIIaTh KA9eCTBO PabOTHI MOJETU. DTH METOJIbI
[TO3BOJISIIOT TIPEOJIOJIETh PA3PHIB MEXKLy MCXOIHBIMU U TEJIEBBIMU JTAHHBIMU
IyTeM BBIDABHUBAHUS PACIPEIeeHUN JTAHHBIX, aJIAlTAINA TPU3HAKOB
¥ IIPUMEHEHUs OO0yJIEeHHBIX MOJEJel K HOBOMY JIOMEHY C MUHUMAJIbLHOMN
JOTIOJTHATEIbHON 00paboTKoii. Takum 0b6pazom, MOIEN CTAHOBATCHA DoJtee
ruOKuMU 1 crtocOOHBI 3 HEKTUBHO pabOTATH B PA3JIUIHBIX YCIOBUSX, HE
Tpedyst 3HAIUTEJIHLHOIO 00hbeMa HOBBIX JAHHBIX WU [1€PEPAOOTKH APXUTEKTYPHI.
B KoHEYHOM WTOre HCIIOJIB30BAHUE METOJ0B JOMEHHON aJallTalliid He TOJIBKO
YCKOPSIET IIPOIECC BHEJPEHUsl, HO W CHIKAET 3aTpaThl Ha pa3paboTKYy,
IIOCKOJIbKY YMEHbIIIaeT HeOOXOAUMOCTD B IIOJTHOM IMKJIe OOyYeHMsI HOBOM
MOJIEJIH.

1. CmexHble nccnenoBaHus
1.1. OueHka no3bl YenoBeka

Jlns1 Moziesieli OlleHKN 03Bl HEOOXO/IMMO OIPEEUTh TOIOJIOTHIO TOYEK,
KOTOpBIE U OYIyT 3Ty 103y COCTABJIATH. VICTOPUYIECKH 11034 OIIPeIe/Isiach
JIaTaceToM, Ha KOTOPOM MOgesh obydaercs, Ho ¢ 2015 roma manbosee pacmpo-
CTpPaHEHHO! cTaja 17 TouedHas TOIOJIOTHUS, [IPE/JIOYKEHHAS UCCIIEI0BATENISIMI
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n3 Microsoft [1]. Bce Gosee HOBBIE OIHCAHUS <«CKEJIETOB» SIBISIOTCS €€
PACIIMPEHNSIMH U YyTOYHSIOT [OJIOYKEHNE KOHEIHOCTEH.

Ha CeI’OﬂHHHIHI/Iﬁ J€Hb B MUPE€ pacCIIO3HaBaHN#A KJ/IIOYEBbIX TOYEK Ha TeJie
JeJIOBEKa CYIECTBYIOT J[BA TIOJIX0/Ia K PEIIeHN o 3a1a4: Hucxosmmii (top-down)
u Bocxogamuii (bottom-up). g nepBoro moaxoa MOHaI00UTCA JOMOJTHATE b
HBII JeTeKTOp, KOTOPBIH JIOKAIN3yeT YejIoBeKa Ha n3obparkenun. [lorom
Ha JIOKAJIM30BAHHON 00JIACTH PACIIO3HAIOTCSA HEOOXOAUMBIE KJIIOUEBBIE TOUYKU I
cobupaeTcst CKeJieT. ITO 00eCIeInBaeT BhICOKYIO TOYHOCTD IIPEICKA3AHUS,
HO JIeJIAeT apXUTEKTYPY YsA3BUMOI K OmmMOKaM Ha YPOBHE OOHAPYKEHUS
4qesioBeKa. BTopoii 110/1x0/1, HAa000pOT, PACIO3HAET Cpa3y BCe KJIOYEBbIE
TOYKHU HA M300PAKEHUH, & y2Ke IIOCJIE ITOrO PEeInaeT 3a1ady KOPPEKTHOTO
pacCIIpeieIeHust TOYeK Mo «CKesreTams. Momen, uCnosb3yonie JAHHbIH TOX0T,
TpeOyIOT Ha BXOJ M300parkeHne BHICOKOTO Pa3pPEeIeHusi, ITO YBEJIMINBACT
orpeb/ieHne pecypcoB st UX OOy IeHMSI.

3-3a orpaHMYeHHOCTH B pecypcax B HCCJIEJOBAHUMN PaCCMATPUBAJINCH
Mozean top-down moaxoza, Takue Kak ajaroputMm Simple Coordinate Classifi-
cation (SimCC) [2] ¢ neiiponHoii cerbio ResNet, B KauecTBe MarucrpasbHO
vacru, 1 Moziesb RTMPose [3]. OGe apxurekrypsl ommcansl B ipoekte MMPose
or OpenMMLab [4], 4T0 M03BOINIO yHUBEPCATU3UPOBATH KOJL JIst IIPOLIECCa,
O0yJeHUST U aIalITAIlNN PA3HBIX MOJIEJIEH.

1.2. JomeHHas aganTtauus

JomMenHast afanTanys SABJIAETCS YACTHBIM CJIydaeM 3aJa49u IIePEHOCA
obyuenus (transfer learning): Korja mocraHOBKa 3a/1a4u OCTAETCsI IIOCTOSHHOIA,
a M3MEHsIeTCs] TOJIBKO HAbOp JaHHBIX (7oMeH). IIpn HATMYINA TOJBKO CHIPBIX
JAHHBIX 0€3 aHHOTAIMI IPUHSTO UCIIOJIb30BaTH JIOMEHHYIO a/IalTaIun 6e3
yauress. OHa 103BOJIsIET MOJIe/U, 00y YeHHON Ha OOJIBIIOM W YHUBEPCAJIBHOM
JIOMEHE, COXPaHUTh BBICOKYIO TOYHOCTBH IIPEJICKA3aHHBIX PE3YyJIbTaTOB U
IIPOM3BOIUTETLHOCTD HA HEM3BECTHOM paHee Jaracere, nu3beras 3aTpaT Ha JO-
TOJTHUTEIbHOE 00yueHne. Takumm 00pa3oM Co3/1aeTcsi BOSMOXKHOCTD OBICTPOit
HACTPONKHN HEUPOHHOI ceTu Jijisi paboThl HAJl Y3KOCIIEIUAIN3NPOBAHHOMN
3ajia4deil, COXpaHsds IIPU 3TOM KOJIOCCAJIbHBIE PECYPCHI HA aHAJIN3 U Pa3METKY
HOBBIX JIaHHBIX.

Cy1ecTByIoIue METOIbI AIAIITAIIUN MOJIEJIEil OIEHKN TO3bl YeJI0BeKa
HA HEpa3MEeYeHHOM JIOMEHE UCIIOJIb3YIOT JIOOJTHUTE/IbHbIe HEHPOHHBIE CEeTH,
TaKkre KaK COCTs3aTesbHbIN perpeccop B Regressive Domain Adaptation
[5] mim Mmomenm mepenoca CTHIIST M ANTOpPUTM cpenHero yaurensa B Unified
Framework [6]. 9To HOBBIIIAET BHIMUCIUTENBHYIO CIOXKHOCTD METOJIA, & TAKIKe
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TpedyeT MaHUILYJISIUN CO BHYTPEHHUMH CJIOSIMUA apXUTEKTYPbI, YTO YCJIOKHAET

[IPOTPAMMHYIO PEATU3AIIAIO.

Takxke ectb 6ostee pocToit, HO 3dexTuBHBI MeTo Progressive Unsuper-
vised Learning [7], koropsiit paGoraer 6e3 106aBIeHNUsT JOIOJTHUTETHHBIX
ueiiponubix cereif. Ocuouas unest PUL cocronT B nrepaTuBHOM J000yIe€HIN
MOJIE/IM Ha JIYUIIAX U3 CBOUX MPEICKA3AHUIA U MO3BOJIAET IOBBICUTH TOYHOCTh
paborsl. B TakoM cirydae mpejcKa3aHus MOJIEIN HA3bIBAIOTCS TICEBI0-Pa3MeTKOM
nan HabOPOM IICEBIOMETOK, & OTOOP JIyUIINX OCYIIECTBIISIETCS BhIOPAHHOMN
dyukImeit duapTpaun, a 3a/1ava CBOIUTCS K BBIOOPY Takoil (byHKIMH,
9TOOBI AJITOPUTM HE OKa3aJICsi BBIYUC/IUTEJIBHO CJIOXKHBIM, U HEHpPOCeThb
JIEMOHCTPUPOBAJIA YIIyUIlIeHne Pe3yIbTaToOB PabOTHI.

Huke Mbl moKa3biBaeM, ITO /il 331290 PACIIO3HABAHUS KJIIOYEBLIX TOUEK
Ha, TeJjie 9eJIOBEKa CyIecTByeT (MYHKIUS (DUIBTPAINH, KOTOPasi IO3BOJISET
ucnosb3oBaTh Metoa PUL mjs aganTanum HelpoceTeBbIX Mofeseil K HOBBIM
nomenaM. OyHKINS O3BOJISET OTCEMBATD IIIyMHbBIE [IPEICKA3AHUS C IOMOIIHIO
IIOKa3aTesisdl YBEPEHHOCTU MOJIENN B CBOUX IIPE/ICKA3aHUAX U PEryInpyeMoro
ToporoBoro 3uadvenus. Bee mpejickazanusi, it KOTOPBIX CPEJHsis YBEPEHHOCTH
IO CKeJIeTY IEPEXOUT IOPOT, MONaal0T B HAOOD MCEBIOMETOK, Ha KOTOPBIX
B TEKYIIEl UTepaun MOJIeIb J000yIaeTCsl.

2. dkcnepumeHT

[IpakTuaeckasi 4acThb UCCJIEIOBAHUSI BKJIFOYAJIa HECKOJIBKO ITAIIOB, TAKUX
KaK II0JI'OTOBKA JIAHHBIX, 00yUYeHne MOJesIeil U TOC/Ie Iy oliee CpaBHEHNE UX
pPe3yIbTATOB B PA3JIMYHBIX COCTOsTHUsIX. Ha mepBoM sTarte ocyInecTBIsiach
IMOJIFOTOBKA JIAHHBIX, KOTOPas BKJOYaa cOop, 00paboTKy U YaCTUIHY IO
pasmerky. Jlasee Ha OCHOBE ITOTOTOBJIEHHDBIX JAHHBIX TPOBOIJINCEH aJIAITAIIUS
u o0yuenne mozeseit. [ocse 3aBeprnerust mporecca 00y deHus TPOBEIEHBI AHANA3
U CPABHEHUE TOJIYUYEHHBIX PE3YJILTATOB, YTOOBI ONPEIEUTh IPHEKTUBHOCTD
MeTO/[a JJOMEHHOH aJalTalii OTHOCUTEILHO OOBIYHOIO 00y YeHMsT MOJIEJIN.

2.1. Cncrema nonyaBTOMaTUYeCKoii pa3MeETKU AaHHbIX

s annorupoBanus Habopa BUAEO3AINCEN U3 IEJIEBOr0 TOMEHa JTAHHBIX
OblIa CO3aHA CHUCTEMA IIOJIyaBTOMATHYECKON pa3MeTKH «pose-markup»
(https://github. com/andrwtokar/pose-markup). IIpumep paGors
IIPOrpaMMBbI MOYKHO yBHJIETH Ha PUCYHKe 1.


https://github.com/andrwtokar/pose-markup
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=

(a) Uznavasbaoe (6) Toce (6) ITocue
nzobpazkenue aBTOMATHIECKOI KOPPEKTUPOBKH
pa3sMeTKu 9KCIIEPTOM

Pucynok 1. Ilpumep paGoThl CHCTEMBI TOJYaBTOMATAIECKOM
pPa3MeTKH JIAHHBIX

OcHOBOII cuCTEMBI CTaJjIa Uesi AaBTOMATUIECKON PA3METKH C TIOMOIIBIO
MOJIENIN PACIO3HABAHUSA KJIIOUYEBBIX TOUEK Ha Tesie desnoseka BlazePose [8]
C TI0CJIe Iy FOIIeii KOpPEKTUPOBKOII pe3yJibraTa 3kcieproM. Jljist neppoit qactu
ucosb3oBaiock mybaunanoe API ma s3bike Python, npemocrasientoe mpoekTom
MediaPipe. IIpaBka pe3ysabTaToB IIpEJCKA3aHII TPOU3BOIMIACH C IOMOIIBIO
WHCTPYMEHTOB 00pabOTKM M300paKeHunil, IpeaoCTaB/IsseMbIX OUOINOTEeKOM
OpenCV.

B kauecTtBe 6a30B0#1 TOmONIOIMK ObLIA BRIOpaHa 17-TOUeYHAS TOIOJIOTUS
COCO [1]. Hust kaxka0ro Kajpa aHHOTAIMs 3anuckiBaercs B ¢popmare JSON
C BO3MOKHOCTBIO [TOCJIEIYIONIEN arperai pe3yIbTaTOB HECKOIbKIX KaIPOB
B omuH JSON daiii.

Anajus pasMeTKy JaHHBIX, BBIITOJHEHHON CUCTEMOM, MTOKA3aJl HACKOJIBKO
9TO COKPAIAET KOJMYIECTBO 3aTPAaYNBAEMbIX pecypcoB. Bbuio 3amedeno,
9TO B CpeJHeM Ha KaJjpe u3MeHsuioch 6.5 Touek u3 17. [Ipuuem garne Bcero
MIPUXOIUJIOCH TPABATH KOOPJANHATHI TOUYEK PYKU, PACIOJIOKEHHON TaJbIe
OT KaMepbl, U I'0JIOBBI. BoJlee JleTasbHOE pacipe/ieieHne IPOU3BEIEHHBIX
U3MEHEHU MOYKHO yBUJIETH Ha PUCYHKE 2.

Bpemsa aBromaruueckoit pazmerku Bujeosanucu ¢ 420 kaapamMu 3aHIIO
nopsaaka 2 MuayT. KoppekTupoBka TOUeK 3aHIMAJIA B CPEIIHEM 3 MUHYTHI
ua ouH kagap. CymmapHo Ha pa3merky 420 KapoB IEJIEBbIX JAHHBIX OBLIO
morpadeno 24 gaca paborsr. [Ipu pasmerke 2500 KaapoB 310 3aHs10 ObI OOJIEE
120 yacoe. XoTsi cucTeMa U aBTOMATU3UPOBAJIA YACTh PAOOTHI, Mbl BCE PABHO
oJIy4aeM OOJIbINIie 3aTPAThl PECYPCOB HA PA3METKY JaHHBIX.
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o’

Pucynok 2. Cxemarmyeckoe peacraBjJaeHue MU3MEHEeHU
B TOYKaX, BHECCEHHDBIX 9KCIIEPTOM

2.2. OaHHble

st mpoBeieHns nccIeq0BaHns ObLIO BRIOPAHO JIBa HAOOPa TAHHBIX:
YHHUBEPCAJbHBIN, HA KOTOPOM 06a30BO Oy/ieT 00ydeHa MOJEsb, U IEJIEBOI,
K KOTOPOMY MbI OyJIeM aJJanTHpPOBaThCA.

B kaudecTBe nepsoro u3 Hux 6b11 BeiGpan garacer COCO [1]. Us-3a
ero 60JIBIIIOr0 00beMa M OTPAHUYIEHHOCTH B pecypcax Jijist 0Oy ueHus ObLIo
MPUHSITO PeIlleHne YMEHBIUTEL 06beM. V3 6osee wem 250 Thicsd 1103 6bLIN
BBIOPAHBI TOJIBKO T€, B KOTOPBIX MPEJICTABIEHBI BCe 17 KIIFOUEBBIX TOUYEK,
cortacyromuxcs ¢ Tornosiorneit COCO. B urore nosryuen yHuBepcabHbI HAOOD,
cocTosmuUil U3 8 THICSY AHHOTHPOBAHHBIX 1103, MPEJICTABIEHHBIX Ha 6 ThICSUaxX
M300paKeHuIA.

Bropoit Habop gaHHBIX OBLT CO3MaH BPYYHYIO B HEOOBIIOM oObeme. Jljist
9TOro OBLJIO CHSITO J[BA BUJIEO OJMHOYHBIX TPEHUPOBOK CIIOPTCMEHOB OOKCEPOB
o 2500 kajipoB Kaxkgoe. IlepBoe ncIo/b30BaI0Ch it UTEPATUBHOIO METOJIA,
amanTanuyu Momenu. VI3 BToporo Bumeo 6Lt BeIOpanbl 420 KaapoB, KOTOPBIE
B JIAJIBHENIIEeM ObLIN PA3MEYEHBI C IOMOIIBIO CO3/IAHHOM JJIsI 9TOTO CUCTEMBI
pose-markup ¥ HUCIOJIB30BAJIUCH JJIsT OO0y YEeHMsT MOJIEIN U CHSITUSI METPUK.
IIpumep 1moOTy4YeHHBIX TAHHBIX MOXKHO BUJIETH Ha PUCYHKE 3.
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Pucynok 3. Ilpumeps n3obparkeHuii 11€J1€BOr0 JTOMEHA

2.3. Metpuku

B kadecrBe 6a30BOIf METPUKN B CTATHSIX PO ONEHKY MO3bI MCIOJIB3YIOT
MeTpuKky average precision (AP) na ocnoBe merpuxu object keypoint similarity
(OKS). Onnaxo jyig Hee HEOOXOAUMO 3HATH CTAHIAPTHOE OTKJIOHEHHE KIIIOYEBbIX
TOYEK JjIsi BRIODAHHOTO JlaTacera, 9YTo Tpedyer H6OIBIIOro o0beMa BEIOOPKU U
pPecypcoB Jjisi cOOpa CTATUCTUYIECKUX [TOKA3aTe/Iei.

W3 MHOXKeCTBa MMOXOKUX METPHUK, KOTOPBIE OIEHUBAIOT OIMIMOKY MEXKTY
[IPeICKA3aHHON U peasIbHON TOYKOIl, BBIIE/sieTCs MeTpUKa percentage of correct
keypoints (PCK). IIpeumyiiecTBo gaHHON METPUKU B TOM, YTO OHA MOXKET
OBITh IPUMEHUMA KaK B CJIydae JIByMEPHBIX KOOPJMHAT, TaK U B CJIydae
TpexMepHbIX. OMmMbKa MPeCTaBIISIETCS KAK €BKJIMJIOBO PACCTOSHIE MEXKTY
TOYKAMHU U CPABHUBAETCS C TOPOroBoil BejmuuHoit. Maremaruueckast dhopmyia
BBITVISJIUT CJIELYTOIINUM O0OPAa30M:

St bool(d; < threshold * body _height)

(1) PCK = = ,
n
rae
d; — paccTosiHMe MEeXKJIy MPeJICKA3aHHON U MPABUJIBLHON TOYKOIA,

threshold — mopor, 3amaBaeMblil HCCIEIOBATEIEM,

body height — BbICcOTa NIPSIMOYIOJIBHUKA, BHYTPU KOTOPOIO HAXOIUTCS
YEJIOBEK,

bool(x) — mormueckoe ycsiosue, Bo3Bpamaer 1, ecian oHO BepHO u 0 B HHOM
cirydae,

N — pa3Mep BBIOOPKH.

B pamkax skcrepumenTa uciosib3oBasack merpuka PCK ¢ moporossivMu
3HadeHusaMu pasaeiMu 0.05, 0.25 u 0.5.
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2.4. NMony4eHHble pe3ynbTaThbl

B pamkax skcriepuMeHTa TPOU3BOINIOCH CDABHEHUE TPEX COCTOSTHUMN
aJropuTMa

(1) Bazossrit ciryuait. Koryia Momesib o0ytdena TOIbKO Ha YHUBEPCAJIHLHOM
Jaracere.

(2) Apanruposannoe cocrosinue. K 6a30B0it mojenu npumenuu 10 ure-
parmuii ajiropurMa JoMeHHoi ajanTanuu. Cxema ajgantanuu Mojeseit
IIpeJICTaBJIeHa Ha PUCYHKe 4.

BasoBoe cocTosiHne

WTepaTnBHbIN Npouecc ApantupoBaHHoe
apanTauuu Mogenu CoCTOsiHVE

Ceblpble LeneBble
DaHHble

BxopaHoe cocTosiHne

mogenu

ChbIpble Lienesble
pete U »| Habop ncesgomeTok
OaHHble
Mony4yeHne Habopa nceBAOMETOK
| ~ @@
duneTpauus
NceBAOMETOK
R R
BbixoHoe cocTosiHne | OThuneTpoBaHHbIN
mogenu ”| ha6op ncernomeTok
OB6y4yeHne BXOAHOrO COCTOSIHUSA

PucyHok 4. Cxema aganranum Momesei

(3) Hoobyuennoe cocrositue. BazoByo MOIEb JOMOJHUTEIHHO 00y IMIIH
Ha pa3MeYEHHBIX JIAHHBIX U3 [EJIEBOro JoMeHa. CxeMa JIOMOTHATETHHOTO
o0ydeHus MOJIeJIEll TIPEJICTABIIEHA HA PUCYHKE 5.

Onucannast Boile OYHKINUA (PUIBTPAIIMH [ICEBIIOMETOK MTOIPA3yMEBAET
[OJTy YeHUE 3HAYEHUsI YBEPEHHOCTH B IIPEJICKA3AHHON 1M03e. DTO 3HAYUEHNE
[IOJIy9a€eTCsl IIyTEeM YCPE/IHEHNs 3HAUEHUs] YBEPEHHOCTH 110 BCceM 17 TOYKaMm
TOIOJIOTUH.
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BasoBoe cocTosHne

PasmeTka faHHbIX .
Cbipble LieneBble Pa3meyeHHbI Habop N [NoobyyeHHoe

[aHHble LenesbiX AAHHBIX | NonofHUTenbHOe Oﬁyqume’ COCTOsIHVE
6a30BOro COCTOSAHMS Ha
pa3mMeyeHHbIX JaHHbIX

Pucynok 5. Cxema [ONOJIHATEIHHOIO 00yJIeHUsT MOJIesIeit

JauHbIiT c11OCOO6 HA TEPBBIX UTEPAIUSX OTCenBaJj Oojee 75 MPOIEHTOB
JAHHBIX, UCHOJb3yeMbIX s ajanTtanuu. Ha 10 urepaliusax KOJIUTIeCTBO
[IyMHBIX 103 ObLIO OJIM3KUM K HYJIIO, YTO TOBOPHUT 00 YJIydIIEHNH KAa4eCTBa
MIpeICKa3aHusl MOJIE/IA C YBEJIMIEHHEM KOJIMIeCTBa, UTEPAIUil.

OcraHoBKa HTE€PATUBHOTO IIPOIECCA IIPOM3BOINIACE TT0CIE (PUKCHPOBAHHOIO
qncya u3 10 maros. Ecin 661 m1aroB 661710 BRIOpPAHO 0OJIbIE, TO OCTAHABINBATH
UTEPATUBHBIN IIPOIECC MOXKHO JTUOO IO JOCTUKEHUN 3apanee BhIOPAHHOM
TOYHOCTH, JINOO MPU OTCYTCTBUM U3MEHEHU B OT(MUILTPOBAHHOM HabOpe
MICEBJIOMETOK.

O06yuenne HEPOHHBIX ceTell MPOU3BOAMIOCH Ha 1iardopme Google
Colaboratory ¢ ncnosnbzoBanuem rpadutieckoro yckopurens Tesla T4 ¢ 15 I'6 na-
MsiTr. OlleHKa METPUKHU MPOU3BOIMIIACH JIOKAJIBHO HA HOyTOYKe ¢ rpaduiecKum
yckopuresem NVidia MX250 ¢ 2 I'6 namsaTu.

B rabsniie npescTaBieHbl PE3yIbLTATHI, IOy YeHHbIE JJIs aJTOPUTMA
SimCC ¢ nmoporom yBepenunoctu paBubiM 0.6. ITo pesysbpraram B Tabsmie 1

Tabmuna 1. CpaBHUTebHAS CTATHCTHKA HECKOJIBKHX COCTOSIHUIT
st asropurMa SimCC

PCK@0.05 PCK@0.25 PCK@0.5
Baseline 0.024 0.429 0.758
Adapted model 0.037 0.445 0.792
Finetune model 0.0062 0.411 0.76

BusiHO ysrydienne merpuku PCK He TOJIBKO OTHOCUTEJIBHOIO GA30BOTO
COCTOSIHVSI, HO U OTHOCHUTEIHHO JOIOJIHUTENbHO 00yuernoro. [Ipu stom crout
3aMETUTDb, YTO CYMMAPHO Ha aJalTaIlUi0 OBLIO MOTpadeHo He Oojee 80 MUHYT,
9TO 3HAYUTEIHLHO MEHBIE, YeM Ha Pa3METKY TeX Ke JAHHBIX.
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Bazosas Bepcusa RTMPose nokaszasra pe3ysrbTaThl 3HAUUTETHHO JIYUITIe
npeplayei Mmogenn. VI3 Tabiuiibl 2 BUAHO, ITO CPEIU BCETO IKCIEPUMEHTA,

TabnuuA 2. CpaBHHUTE/bHAsE CTATUCTAKA HECKOJIBLKUX COCTOSTHUIA
st mogesiu RTMPose

PCK@0.05 PCK@0.25 PCK@0.5
Baseline 0.282 0.882 0.976
Adapted model 0.145 0.652 0.709
Finetune model 0.076 0.709 0.922

Baseline naer mawmitydime pe3yibraTh.

Yro6b! 00BSICHUTE TIPUYMHBL OMIMOOK, IIOCTPOUM IECTOIPAMMY PaCIpeiesie-
HUSI BEPHBIX [IPEJICKA3AHMAN 110 TOYKAM TOIOJIOruu. Pucynku 6 u 7 IIOKa3bIBAIOT,
YTO KOJIMYECTBO IPABUJIBHBIX KOOPJIMHAT TOYEK BEPXHUX KOHEUHOCTEN Iajaer
MPAKTUYIECKH JI0 HYJISI I BHOCUT OOJIBIIYIO OMUOKY B 3HAYEHNE METPUKH. 1aKKe
[a/laeT Kav9eCTBO MPEJICKA3AHUS JJIsl TOUYeK JIOAbKeK. OIicanHble TOYKU
y OOKCEpOB dalle APYTUX HAXOMATCH B JBUKEHUM U SIBJISTIOTCH PA3MBITHIMUI
HA HEKOTOPBIX KaJIpaX BUJEO3AIIICH.

B rtekymeit Bepcun GyHKIINN GUIALTPAIINT STH TOYKH MOTJIN MTOMACTH
B 00y JarOIIyI0 BRIOOPKY Ha BHIOPAHHOI UTEpAIN M3-33 MeXaHu3Ma, (DUIbTPAIUN
U yCpEeJHEHUs YBEPEHHOCTH IO BCEM TOYKAM JIJIsI [TOJIYIE€HUsT YBEPEHHOCTH
B II03e€.

Y066l cpaBHUTH paboTy ajropurMa 06e3 ydera pasMbITUsI, UCKJIIOUIM
nmannbie 6 Touek u3 pelynbraToB. Kak BuaHO u3 Tabauip 3, aJanTHPOBAHHAS

TasmuyA 3. PesyapraTtst npenckazanus momenn RTMPose 6e3
ydera pPas3MBITBIX KJIFOUEBBIX TOYEK

PCK@0.25 PCK@O0.5
Baseline 0.944 0.988
Adapted model 0.964 1.0

MOZIE/Ib IIOKA3bIBaeT 00JIee BHICOKOE KAYECTBO IPEACKA3AHNN OTHOCUTEIHHO
6azoBoro cjaydvasi. B majbHeiinemM, 9T00bI T0O0POTH OIMUOKN, BHOCUMBIE
Pa3MBITBIMI YACTSIME M300parKeHusi, HEOOXOIMMO MOIUMUITIPOBATH (DYHKITHIO
buabTpaun.
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anaJsior PCK@0.25
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3aknoyeHne

B pesynbraTe mpoBemeHHOTO HCCIeI0BaHN ObLIa TTOKa3aHa 3 (GEKTUBHOCTH
MeTOo/Ia JIOMeHHO! ajantanun 6e3 yuautens Progressive Unsupervised Learning,
OCHOBaHHOI'O Ha TeHepalnuu U PUJIbTPAINY [ICEBIOPa3MEUYeHHbIX JAHHBIX,
IJ1st Mofiesieil oreHKu 1o3bl. [lorydennble pe3ysrbTaThl MOYKHO TPUMEHSTH
HA IPAKTHKE B CIIOPTUBHBIX CHCTEMAaX PeajibHOrO BPEMEHHU. 3a CUeT BBIOOpa
dyHKIMN QUIBTPAIUN JTaHHBIA METOJ| He TOJBKO SKOHOMUT MHOI'O PECYPCOB,
paHee 3aTpadMBaEMbIX HA PA3METKY, HO U IMOKA3BIBAET YJIydIIeHNEe KAIeCTBa,
[IPE/ICKA3AHUS B CPABHEHUU C APYTUMH IIOIXOJAME [0 O0YIE€HUI0 aHAJIOIMIHON
MOJIEJIH.

[Ipey1o2KeHHBII T10[X0/] UCITOJIb30BAHNS JJOMEHHOI aJaITaIlu CyIIeCTBEHHO
COKpAIIaeT BpeMsi Ha pa3paboOTKy DPeIleHns 3a/1a9 M0/, KOHKPETHbBIE TIeJIH.
TToaTOMYy BO3MOXKHO TTPOIOIKATE UCCIEIOBAHNSA OOIee CIOKHBIX (DYHKITHI
duIbTpaI, KOTOPHIE MOBBICAT 3 (MEKTUBHOCTH MOJIEJIH.
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