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Performance Across Augmentation Runs

Performance Heatmap

1.0
Accuracy 40.711 | 0.660 0.679 0.674 0.673 0.670 0.645 0.655 0.674 0.639 0.651 0.678 0.699 0.667 0.680 0.678 0.672 0.669 0.695 0.674 0.701 Evaluation Metrics
0.8
Risky Precision - 0.538 0.522 0.547 0.536 0.552 0.535 0.507 0.510 0.542 0.490 0.509 0.545 0.581 0.535 0.543 0.553 0.539 0.535 0.585 0.544]0.599 o o (P) T P
recision —
- 0.6 TP + FP
Q
Risky Recall - 0.583 0.545 0.537 0.560 0.498 0.563 0.594 0.560 0.587 0.509 0.626 0.583 0.539 0.575 0.575 0.600 0.633]0.667]0.543 0.551 0.541 5
i Recall P
o ecall (7) =7 p 7N
Risky F1 - 0.560 0.530 0.540 0.544 0.521 0.542 0.544 0.526 0.557 0.497 0.560 0.560 0.557 0.550 0.558 0.564 0.577|0.588|0.556 0.544 0.559
0.2 2PR
F, =
Safe Recall - 0.769 0.724 0.757 0.736 0.768 0.728 0.673 0.707 0.721 0.709 0.665 0.730 0.786 0.718 0.737 0.720 0.694 0.670 0.779 0.741]0.789 P+ R
| | | | | | | | | | | | | | | | | | | | 00
é\(\e &S 09«, Qq/g\, (\9’5 {\9& (\96 {\9@ Qé\ 09% {\90) (\.}Q @/«, {\.}’L (\}’b {\.}b‘ (j; {\}e:» &;\ (\}%
Q;a? @6‘@ é‘\& "N & & & & "N N & & N & & & & & & N &
oY s & . .
AN Primary Evaluation
O . .
& Risky Recall & Risky F1
eféb@
)
@)

Figure 1. Performance across ViViT augmentation configurations. The prior C3D baseline is shown for historical comparison.

Problem Statement and Objective Taguchi Augmentation Experiment Design

Risky tackling techniques can increase the risk of head and cervical injury in American football. Table 1: Taguchi L;s schedule for augmentation factors.
We investigate whether video Vision Transformers can improve the classification of risky tackles Run Add noise (A) Brightness (B) Rotate (C) Flip (D)
from practice videos using SATT-3 strike-zone labels. 1 N Loft Horontal
= Challenge: Risky tackles are the minority class (259 risky vs. 474 safe), and practice videos 25 NZ:: :z::z:z Rei:ght Vgrr’lizfar: |
contain substantial visual variability. 23 None crease None None
=  QObjective: Improve risky-tackle detection by combining temporal localization, targeted video 24 None Yecrease L oft Vertical
augmentation, and ViViT-based classification. 5 None Yecrease Right None
= Evaluation focus: Prioritize risky recall and risky F1 while monitoring the trade-off with 26 None Decrease None Horizontal
overall classification performance. 37 None None | eft None
R8 None None Right Horizontal
Experimental Methodology R9 None | None None Vertical
R10 Add noise ncrease Left None
= Localized the first point of contact and extracted a fixed temporal window. 21; ﬁzz 22:22 :z:z:: ﬁf:et \I—/Ig:;izcoar:tal
=  Applied Taguchi L18-guided augmentation to the training videos. 213 Add noise Yecrease | oft Horizontal
= Fine-tuned a pretrained ViViT using 5-fold cross-validation. 214 Add noise Decrease Right Vertical
R15 Add noise Decrease None None
| Augmentation R16 Add noise None Left Vertical
@ @ @ > D Eh R17 Add noise None Right None
_ Rotate |17 R18 Add noise None None Horizontal
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o) //I_Elinary Classification ) Table 2: Performance metrics from the heatmap for C3D Baseline, Runi;, and Runig
:_ : 4{ ?:lgELEJ Metric Prior C3D Run 15 Run 18
“ Sm— —{ E ! Cisss0 Accuracy 0.711 0.669 0.701
K=s —— Risky Precision  0.538 0.535 0.599
5-Fold CV _{ A I‘D‘C:{LEJ RiSky Recall 0.583 0.667 0.541
o iion \ / Risky F1 0560  0.588 0.559
Safe Recall 0.769 0.670 0.789

Note: The C3D baseline is from prior work on a smaller dataset; ViViT results are reported on the expanded 733-clip

dataset and are not a same-test-set comparison.

= Run 15 increased risky recall from 0.583 to 0.667 and achieved the highest risky F1 (0.588).

Dataset Distribution Original (left) vs. Augmented (Right) Frames = This improvement trades off overall accuracy: 0.711 (C3D) vs. 0.669 (Run 15).
Class Count % B . e B B = Run 18 recovered accuracy to 0.701 while achieving the highest risky precision (0.599) and

Safe 474 64.7 safe recall (0.789).
Risky 259  35.3
Total 733 100.0

Conclusion & Key Takeaways

Class imbalance: Risky tackles
comprise only 35.3% of the
dataset, motivating targeted
augmentation of the minority class.

=  Run 15 achieved the strongest risky-class performance: 0.667 risky recall and 0.588 risky
F1.

"&i}”“%ﬁ:@“‘“ ol = The best recall configuration used added noise, decreased brightness, no rotation, and
= o R no flipping.
= Augmentation choice changes the trade-off between risky-tackle sensitivity and overall

7=

performance.
(b) Run 2
Representative original and augmented tackle frames under selected Taguchi augmentation configurations.
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