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[Abstract]

Since ballet is an exercise with a wide range of movement, if you exercise with an incorrect posture, you may get injured and
it is difficult to feel the effect of the exercise. We propose a ballet coaching system that helps users to exercise with correct
posture. The proposed method detects joint coordinates using the ResNet-based Simple pose model and the Open pose BODY-25
model based on ballet motions labeled with 15 joints. Analysis of the quantiles of the histogram was performed on the distribution
of the detected joint coordinates. Using 6 classifiers, 3 ballet motion classifications are analyzed through 4 performance indicators.
Gradient Boosting Classifier obtained the most optimal performance among the compared models. As a result of the feature
importance analysis, it was confirmed that the ankle joint is important. We also analyzed the performance of the model according
to four feature extraction method. And the Odds ratio was obtained and the prediction success rates for each motion were

compared. The proposed method can coach ballet movements.
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¥ 1. 571K 2 ZZE 2H | Frames Per Second (FPS)
Table 1. Frames Per Second (FPS) of five key points
detection models

FPS
(Hz)
Simple Pose Model [4] 57
Mobile Pose Model [4] 55
Alpha Pose Model [7] 19
MPII Model [3] 1
BODY-25 Model [3] 0.376
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Fig. 2. Visualization of the acquired image and valid
joints, (a) Passe, (b) Arabesque, (c) Plie
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is of different quantiles of the histogram of each joint coordinate

Percentile rank
(%)
0.05 0.5 1 99 99.5 99.95 100 10 90

head_x 0.1522 0.1903 0.2037 0.7826 0.8135 0.8719 0.8805 0.3166 0.6360
head_y 0.0 0.0416 0.0466 0.5217 0.5555 0.7130 0.7193 0.0979 0.4100
neck_x 0.1430 0.1818 0.2031 0.7905 0.8101 0.8628 0.8813 0.3157 0.6414
neck_y 0.0625 0.1142 0.1238 0.5698 0.6037 0.7515 0.7516 0.1831 0.4619
rshoulder_x 0.1628 0.1949 0.2226 0.8422 0.8606 0.9096 0.9346 0.3560 0.7052
rshoulder_y 0.1073 0.1358 0.1490 0.6033 0.6213 0.7620 0.7670 0.2192 0.4927
relbow_x 0.1325 0.1872 0.2148 0.9099 0.9239 0.9514 0.9557 0.3575 0.8025
relbow_y 0.0950 0.1330 0.1421 0.6202 0.6479 0.7643 0.7796 0.2039 0.5086
rwrist_x 0.0305 0.0853 0.1184 0.9579 0.9664 0.9885 0.9980 0.3008 0.8943
rwrist_y 0.0318 0.0440 0.0552 0.6723 0.7172 0.7975 0.8063 0.1295 0.5323
Ishoulder_x 0.1030 0.1400 0.1563 0.7541 0.7944 0.8408 0.8515 0.2508 0.6038
Ishoudler_y 0.1038 0.1356 0.1477 0.5948 0.6237 0.7624 0.7778 0.2162 0.4929
lelbow_x 0.0569 0.0762 0.0933 0.7860 0.8203 0.9745 0.9860 0.1687 0.5835
lelbow_y 0.0912 0.1273 0.1375 0.6411 0.6569 0.7731 0.7853 0.2013 0.5067
Iwrist_x 0.0088 0.0262 0.04 0.8673 0.8937 0.9342 0.9428 0.1012 0.6153
Iwrist_y 0.0214 0.0472 0.0593 0.6650 0.7265 0.8137 0.8286 0.1297 0.5357
rhip_x 0.1934 0.2415 0.2606 0.8126 0.8391 0.8903 0.8956 0.3952 0.6443
rhip_y 0.2457 0.2977 0.3146 0.7457 0.7687 0.8500 0.8647 0.4032 0.6470
rknee_x 0.0880 0.2619 0.3127 0.9186 0.9407 0.9766 0.9805 0.4251 0.7969
rknee_y 0.2264 0.2944 0.3108 0.8139 0.8305 0.8573 0.8745 0.4117 0.7328
rankle_x 0.08 0.2335 0.3049 0.9292 0.9437 0.9645 0.9712 0.4097 0.8490
rankle_y 0.1050 0.2137 0.2444 0.9673 0.9809 0.9929 0.9929 0.4217 0.9052
Ihip_x 0.0893 0.1644 0.1878 0.7564 0.7859 0.8423 0.8663 0.3158 0.5610
Ihip_y 0.2410 0.2974 0.3094 0.7470 0.7716 0.8480 0.8664 0.4118 0.6514
lknee_x 0.0325 0.0657 0.0824 0.7205 0.7781 0.9458 0.9458 0.1594 0.5502
lknee_y 0.2469 0.2884 0.3105 0.8263 0.8399 0.8646 0.8729 0.4345 0.7461
lankle_x 0.0123 0.0304 0.0362 0.8072 0.8465 0.8843 0.9402 0.1513 0.5683
lankle_y 0.1451 0.2249 0.2451 0.9763 0.9876 0.9993 0.9993 0.4835 0.9208
chest_x 0.1399 0.1808 0.2051 0.7872 0.8073 0.8576 0.8813 0.3259 0.6331
chest_y 0.1838 0.2246 0.2407 0.6771 0.7027 0.8084 0.8198 0.3272 0.5768
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Curves) and Precision-Recall Curves (PR Curves) Plie 82.33

of six ballet action classification models
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Table 5. Comparison of four feature extraction or selection methods for six models
feature Top 5 features Top 10 features Top 15 features
extraction
and Model - F1 | AUC . F1 | AUC . F1 | AUC
selection Precision | Recall Precision | Recall Precision | Recall
score score score score SCore | score
method
gfgsiﬁgrforGSt 0.994 |0.994|0.994 | 0.999 | 0.987 |0.987|0.987 | 0.999| 0.992 |0.992|0.992 | 0.999
XGB Classifier 0.901 |0.894 | 0.897 [ 0.981 | 0.983 | 0.984|0.984 | 0.999 | 0.993 |0.993| 0.993 | 0.999
Model Gradient Boosting| 5 995 |9 992 | 0.992 | 0.999 | 0.985 |0.986|0.985|0.999 | 0.994 |0.994|0.994 |0.999
based Classifier
feature Ada Gradient
selection | Bogsting Glassifier | 0-843 | 0-840 | 0.8410.904 | 0.883 | 0.681| 0.881 | 0.045| 0.896 |0.894 | 0.894 | 0.943
Bagging Classifier | 0.985 | 0.985| 0.985 | 0.999 | 0.972 |0.971|0.972|0.997| 0975 |0.975|0.975|0.998
Extra Trees 1.0 1.0 | 1.0 | 1.0 | 0992 |0.993|0.992|0.999| 0.998 |0.998|0.998| 1.0
Classifier
gf;s‘iﬂi”;rfore“ 0.943 |0.940|0.941 | 0.989 | 0.979 |0.978|0.978|0.999| 0.996 |0.996 | 0.996 | 0.999
XGB Classifier 0.907 |0.905| 0.905 | 0.980 | 0.978 |0.975|0.976 | 0.999 | 0.989 |0.989| 0.989 | 0.999
Principal | Gradient Boosting | 4 917 | g 916| 0,916 | 0.984| 0977 |0.976|0.976|0.999| 0.992 |0.993| 0.992 | 0.999
component | Classifier
feature Ada Gradient 0.802 | 0.801 | 0.800 | 0.881 | 0.884 |0.878|0.880|0.950| 0.966 |0.965| 0.965 | 0.983
extraction | Boosting Classifier : : : : : : : : : : : :
Bagging Classifier | 0.909 | 0.908 | 0.909 | 0.974 | 0.967 |0.965|0.966 | 0.993| 0.947 |0.948]| 0.947 | 0.991
ET;&;;GS 0.956 | 0.955|0.955 | 0.994 | 0.992 | 0.993|0.992 | 0.999| 0.996 |0.996| 0.996 | 0.999
gf‘;s‘i%i”;rfore“ 0.947 |0.945|0.946 | 0.991 | 0.973 |0.972|0.973|0.998| 0.989 |0.989| 0.989 | 0.999
XGB Classifier 0.905 |0.900 | 0.902 | 0.982 | 0.966 | 0.965|0.965|0.997 | 0.991 |0.990| 0.991 | 0.999
Independen i i
i glraasd;ﬁ?;rBoos““g 0.927 | 0.926|0.926 | 0.985 | 0.974 |0.972|0.973|0.998| 0.992 |0.993 | 0.992 | 0.999
component ,
feature Ada Gradient 0.816 |0.812|0.814 | 0.867 | 0.933 | 0.931|0.932|0.980| 0.946 |0.935|0.940 | 0.953
extraction | Boosting Classifier
Bagging Classifier | 0.934 |0.930|0.932 | 0.985 | 0.952 |0.951|0.951 | 0.989| 0.964 |0.967|0.966 | 0.997
ET;&;;GS 0.959 |0.958 | 0.958 | 0.993 | 0.993 |0.992|0.992 | 0.999| 0.998 |0.998| 0.998 | 0.999
gf‘;s‘i%i”;rfore“ 0.930 |0.926 | 0.928 | 0.987 | 0.981 | 0.980|0.980 | 0.999 | 0.988 |0.990| 0.989 | 0.999
XGB Classifier 0.900 |0.891 | 0.894 [ 0.982 | 0.985 |0.985|0.985|0.999| 0.996 |0.996| 0.996 | 0.999
o Gradient Boosting
Univariate | Qloseifier 0.909 |0.899 | 0.902 | 0.983 | 0.985 | 0.986|0.985|0.999| 0.996 |0.996| 0.996 | 0.999
feature -
selection | Ada CGradient 0.718 |0.718|0.700 | 0.828 | 0.878 | 0.871|0.871|0.937| 0.930 |0.924 | 0.925 | 0.959
Boosting Classifier
Bagging Classifier | 0.923 | 0.918|0.920 | 0.979 | 0.969 | 0.968 | 0.969 | 0.994 | 0.982 |0.982| 0.982 | 0.994
ET;rsasi-lf—ir:res 0.939 |0.935|0.936 | 0.989| 0.986 |0.985|0.985|0.999| 0.994 |0.995 | 0.994 | 0.999
gfgsiﬁgrforGSt 0.953 |0.951|0.952 | 0.991 | 0.980 |0.979|0.979|0.998 | 0.991 |0.991|0.991 | 0.999
XGB Classifier 0.903 |0.897 | 0.899 | 0.981 | 0.978 |0.977|0.977 | 0.998 | 0.992 |0.992| 0.992 | 0.999
Average of ; ;
feature Gradient Boosting | 4 936 | 0,033 | 0.934 [ 0.987 | 0.980 | 0.980 | 0.979 | 0.998 | 0.993 |0.994 | 0.993 | 0.999
Classifier
extraction -
and Ada Gradient 0.794 |0.792|0.788 | 0.870 | 0.894 | 0.890 | 0.891 | 0.953 | 0.934 |0.929| 0.931 | 0.959
selection Boosting Classifier
Bagging Classifier | 0.937 |0.935| 0.936 | 0.984 | 0.965 |0.963|0.964 | 0.993| 0.967 |0.968| 0.967 | 0.995
ET;rsasi-lf—ir:res 0.963 |0.962|0.962 | 0.994 | 0.990 | 0.990|0.990|0.999| 0.996 |0.996 | 0.996 | 0.999
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F 6. 671X Ll & 27 22| Frames Per Second
Table 6. Frames Per Second of ballet action six classifi-
cation models

FRS
Model (H2)
RandomForest Classifier 42
XGB Classifier 227
Gradient Boosting Classifier 312

Ada Gradient Boosting
o 98
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Bagging Classifier 109
Extra Trees Classifier 40
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Fig. 9. Demo results using Gradient Boosting Classifier
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