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[Abstract]

In this paper, we propose a method to define representative pitching motions centered on pitching
results in baseball games and proposes a method to analyze the influence of pitch type or pitching
results on pitching motions. To this end, the videos taken from the front of the pitcher were classified
into four types, and the pitching videos were analyzed by type. The pitching videos were divided into
frames, and a 2D skeleton was extracted using HRNet, and then converted into a time-series 3D
skeleton using PoseFormerV2. The relative coordinates based on the pelvis were normalized to correct
the shooting distortion. DTW Barycenter Averaging (DBA) was applied to generate representative
pitching motions by type, and the similarity between representative pitching motions was compared
using the Dynamic Time Warping technique. The experimental results showed that the difference in
pitching motions according to the pitching results was more significant, which means that individual

pitchers have result-centered pitching motions.
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I. Introduction
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II. Preliminaries

1. Related works
1.1 A Study on Existing Deep Learning-Based
Motion Analysis Methods
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1.3 PoseFormerV2 Model
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Fig. 1. Concept Diagram for Deep Learning—Based Analysis
of Result—Specific Representative Pitching Motions

1. 2D Skeleton Extraction and Format Conversion
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1.2 Structuring of Sequential 2D Skeletons for 3D
Pose Estimation
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2. 3D Skeleton Conversion and Pelvis-Centered
Normalization Using PoseFormerV2
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2.1 3D Skeleton Prediction Using PoseFormerV2
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2.2 Pelvis-Centered Normalization and Data
Structuring
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3. Outcome-Based Comparison of
Condition-Specific Representative Motions
Generated via DBA Using DTW
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3.1 Representative Motion Generation Using DBA
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3.2 Similarity Analysis Between Representative
Motions Using DTW
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IV. Experimental Results
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1. Experimental Process of 2D Skeleton
Extraction and Format Conversion
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1.1 Experimental Identification of Pitcher
Skeletons Using HRNet
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Fig. 2. Example of Extracted Skeleton After Pitcher
Identification from Pitching Video

1.2 Experimental Structuring of 2D Skeleton
Sequences for 3D Conversion
£ Age AEg 54 D AARES 3D AAREC
2 wshsp] glatel 2] @Al Aj At apgolct.
N9 dlolEls shUel numpy R W %,
PoseFormerV2 2®9] Ql=] &gAlof| we} npz Z9O 2
st A" HolHe =z 29 E2R|Z Qlgt
w2 YRIsH] Yot 47 = 4 o Hue &
T AR AdEsto] st ol Sl TRt 15
ES 290 g2 & A2 52 A€ HolHz
T 4 AL, 3D HR AAG 7]8ke] fA
g

mY. o
I

836, 462)

&7 77)
(WH édZ, 500)
(859, 527)

1422, 536
(812, 559880, 550) ¢ )

1519, 559)
(34257571)

(762, 615) {1092, 618)
{1054, 650),

6910.671) 051 663)

1277, 730

(859, 765)

$1024, 856)

(¥09B710048)

750 1000 1250 1500

Fig. 3. 2D Skeleton Visualization for Pitcher Using HRNet
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2. Experimental Conversion and Normalization
of 3D Skeletons Using PoseFormerV2
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2.1 Experimental 3D Skeleton Prediction Using
PoseFormerV2
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2.2 Normalization and Data Structuring for
Experimental 3D Skeleton Analysis
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Fig. 4. 3D Coordinate Conversion Results Using
PoseTransfervV2 Model

3. Experimental Comparison of Representative
Motions by Outcome Using DBA and DTW
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3.2 Experimental Similarity Analysis of
Representative Motions Using DTW
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Table 1. Interpretation Criteria for Motion Similarity
Based on DTW Distance
Distance Range Interpretation Criteria
0.00 ~ 0.35 High Structural Similarity
0.36 ~ 0.70 Moderate Structural Similarity
0.71 ~ 1.00 Low Structural Similarity
1.01 O|4f Structural Divergence
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Table 2. DTW-Based Similarity Across Four Pitching
Conditions for Pitchers A (Low BB%) and B (High BB%)

. DTW
Pitcher Group distance
Fastaball(S) - Fastaball(B) 0.93725
Fastaball(S) - Curve(S) 0.32258
A Fastaball(S) - Curve(B) 0.78792
Fastaball(B) - Curve(S) 0.82285
Fastaball(B) - Curve(B) 0.27236
Curve(S) - Curve(B) 0.67414
Fastaball(S) - Fastaball(B) 1.10365
Fastaball(S) - Curve(S) 0.32642
B Fastaball(S) - Curve(B) 1.24708
Fastaball(B) - Curve(S) 0.84855
Fastaball(B) - Curve(B) 0.41920
Curve(S) - Curve(B) 0.93320

V. Conclusions
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