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Introduction



The Goal of Shifting Models

In softball, like baseball, the main goal is to score runs. A run
is scored when a player advances through all 3 bases and
touches home plate. There are 7 innings, which gives each
team’s lineup 7 opportunities to run the bases after batting.

When an offensive player bats, the defense’s job is to get that
player out by either catching the ball or tagging the player out.
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Ted Williams

Figure 1: History of shifting with Ted Williams from Boston Red Sox
playing against the Cleveland Indians.



The Goal of Shifting Models

Our core question: What is the most optimal way to position
our players on the field so that they are more likely to catch a
ball after it has been hit?

This problem is called player shifting. We are analyzing how a
defensive player’s shift can maximize their probability of getting
an out. These shifts will look different based on the batter’s
hand dominance.
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The Goal of the Code

We have access to Trackman data from LSU Softball. Using
this, we are aiming to take three major variables recorded from
the motion and final location of batted balls (direction, launch
angle, and velocity) and use these variables to create seven
“buckets” in which fielders can position themselves on the field
to optimize outs.



How it Works

The framework of our code uses k-means clustering with k=7
“buckets” to determine the optimal position (centroid) of each
of the seven defensive players.

With these centroids, the code
runs through minimizing the max-min equation obtained from a
zero-sum game to calculate the optimal shift.
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The Goal of Visualization

Once we have the data for the optimal fielder positions, we
must take that raw data and map it onto a visual
representation of the softball field. This will be used by coaches,
players, and staff to make quick game-time movement decisions.



How it Works

Visualization begins by mapping the buckets onto a model of
Tiger Park’s field.

We created a cartesian coordinate system in
which the x-axis is situated directly behind home plate, with
the y-axis extending perpendicular to the x-axis and bisecting
the pitcher’s mound to the back fence.
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Figure 2: Standard Positioning for Defensive Players



How it Works

Each ball is then converted into cartesian coordinates, using the
following process:

pi = (xi, yi), xi = di sin(θi), yi = di cos(θi) (1)

Each ball is weighted according to its expected run value and
the locations of any runners on base

wi = wxRV
i × wzone

i (2)

With this weighted value, we can approximate the optimal
solution of the surrounding defenders through iterations of the
following equation:

i∗ = argmax
i

wi ×min
j
‖pi − dj‖ , (3)
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How it Works

The nearest defender is then determined by

j∗ = argmin
j
‖pi − dj‖

This defender is then moved to the optimal position by
calculating dj∗ ← d∗

j + η
(

p∗
i − d∗

j

)
, where η > 0 is a step size

parameter.
This process is repeated with a fixed number of iterations. In
every scenario the pitcher and catcher are in fixed positions,
and further restrictions are put in place depending on the
configuration of runners on base.
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Next Steps



Future Improvements

There is room and opportunity for multiple directions of future
research in this project.

Adjusting the code with specific teams and players can provide
game plans tailored to an opponent’s batting lineup and
tendencies. This will give LSU an edge in future matchups.

It would be incredibly beneficial for future research to include
multiple runners on base in different iterations, as our code
focused on only one runner on base. An immediate opportunity
in this research would be to integrate HDBSCAN and Gaussian
Mixture Models in addition to our k-clustering model.
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Thank You!!
Questions?
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