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OBJECTIVES & MOTIVATION

* Coaches and players watch videos to spot mistakes and improve strokes, but reviewing footage manually takes a lot of time.

* Any useful solution must work reliably across different camera angles, and environments—without requiring extra equipment like wearable sensors.

* Goal: System that automatically processes raw match or training video, detects the active player, identifies and segments their actions.

DESIGN OF THE SOLUTION

PHASE 1 - Detection PHASE 2 - Pose Estimation PHASE 3 - Inference
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Figure 1: System pipeline
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Figure 2: Converting confidences into action segments Figure 3: Custom video player displaying action segments

RESULTS

89.5% 0.894 10

Test Set Accuracy Weighted F1 Score Action Classes

. . Training & Validation Accuracy Training & Validation Loss , Test Set Confusion Matrix — Accuracy: 89.5%
Dropout Accuracy L Training | Inference 100% - e
(%) (%) L Time (m) (ms) 500 i . —— Validation Loss Clear PN 08% 1.6% 08% 1.6% 0.8% 00% 08% 0.0% 4.7% - 100
o | -~~~ Best (ep 64) (114) ENQ) () O] (2 (1) (0) 0] (0) (6)
0 0 67 1 3.7 ’ i

N
o

Custom Body 89.0 0.49 0.889 1 g 60% %1'5 3.0% EIEYE 3.0% 0.0% 3.0% 0.0% 6.4% 0.0% 0.0% 3.0%
I ; £ Dive. ) MEeg® 1 © ™ © @ © © (0
° ! @ 1.0
Reference  Body 0 0 71 889 043 0.888 11 11.4 —— Train Accuracy £ 5 1.0% 0.0% [EPEUE 0.0% 10.4% 31% 0.0% 0.0% 21% 1.0% - 80
" I 0,891 17 e 20% — \B/a"fti?t'gne ﬁ;euracv o5 P o EEE 0 (1) @3 © © @ 0
Custom Body 40 15 98 89. . . . Torese '
O% ' ! 00 - 00 . 00 . 00 - 00 . no . 00 . oD - 00 . 00
’ P Epon o Co e 0 ae o %o ‘o NEl ‘o ‘o ‘o ‘@ ‘o ‘o
Reference  Body 40 15 71 88.6 0.46 0.885 15 12.9 i Epoeh 9
: : : : Per-Class F1 Score -- Test Set (sorted descending) g Lift 4(;;6 O(g‘)% 1?1?1‘)% oig;/o 0(2‘)% oig‘)% o(g*)% 2(3‘)% Oﬁ‘)% B %’
Custom Body + Feet 0 0 39 87.7 0.48 0.876 11 4.0 , _ 3 °
10 0958 0.956 ~7 7 Weighted avg: 0.894 S LonaS 0.0% 0.0% 0.0% 0.7% 0.0% [CEESEM 0.0% 0.7% 3.4%  0.0% -t
Reference  Body + Feet 0 0 74 88.3 0.39 0.882 14 12.2 D A 085 0894 gy e sl CE U U 2 L o O
08 ' o 08 Netkil  00% 0.0% 0.0% 0.0% 9.1% 0.0% EIEVE 0.0% 0.0% 9.1% =
Custom Body + Feet 40 15 58 88.0 0.46 0.878 17 3.6 e @ @ @ o o UM 0 0 1)
Reference Body+Feet 40 15 33 89.6 039  0.895 15 12.8 3 0° Positoning °ge Ot Ot St Ofw ofw od o o,
04 00 . °n . 00 . 00 . oﬂ . nn . 00 . 00 - 00 . 00
Custom  WholeBody 0 0 103 891 042 0891 24 4 Shortsene 0T 0%% 0% 00% 0% 07% 0%% 00K o0
02 0, 0, 0, 0, 0, 0, 0, 0, 0, 0,
Reference Whole Body 0 0 73 87.6 0.49 0.875 89 9.8 smash [ISEIRNLEISR RN OO0 e Yo o o o Lo
0.0
Custom  WholeBody 40 15 64 89.5 041  0.894 33 3.7 I N PO AN 5 & e &
N N 2 9
Reference  Whole Body 40 15 26 86.3 0.46 0.869 47 11.3 S v ¢ &
Class Predicted Label
Figure 4: Training results across different configurations Figure 5: Training Curves and Per-Class F1 Figure 6: Normalized confusion matrix
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