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Materials and Methods (cont.)
Pool is a game based around finding the best shot possible to 

make at any given time. It is full of  physically rich situations that 
call for a complex comprehension of  physics and personal skill 
based around the game (Fragkiadaki, Agrawal, Levine, & Malik, 
2016). While humans have been shown to have a basic 
understanding of  physics and the interaction of  object collision, it 
is not a perfect sense, especially in a game where it is common to 
overestimate one’s skill (Wu, Yildirim, Lim, Freeman, & 
Tenenbaum, 2015). A successful pot of  a ball relies on a player’s 
ability to accurately assess the table layout to find the shot which 
contains the optimal combination of  angles and distances between 
numerous components in conjunction with knowing their skill. 
This process can be very difficult for players, leading to many poor 
shots and missed opportunities at easier shots. The purpose of  this 
project was to create a product that could take an image of  the 
table at any given point in the game, then calculate the probability 
of  potting each ball, effectively providing the player with 
shot recommendations.
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Conclusion

This project was built upon work done by Booz Allen Hamilton 
employees. A Python-based neural network was designed and 
trained to identify and label the location of  every pool ball as a 
Cartesian plane coordinate on the table.

The formulas used to calculate the probability of  potting a 
ball were taken from Stochastic Snooker by Dr. David F. Percy. The 
formulas take into account the distances and angles between the 
cue ball, object ball, and pocket, as shown in Figure 1, as well as 
the player’s skill. 

A skill value, v, would be calculated through a calibration game 
of  n shots.(Figure 2). The calibration shots consisted of  a player

a pocket. This brought the project to a halt as solutions to these 
problems were searched for. After numerous tests, no 
mathematical errors within the code were found. They did not 
seem to give consistently reasonable values for certain table 
layouts, calling into question the overall validity of  the shot 
probability formulas.

Given the extra work to validate the formulas used, the project 
was unable to incorporate player skill values and build an 
accompanying user interface to the analytical workflow.

The purpose of  this project was to create a pool shot 
probability calculator for medium skilled players. The project 
accomplished a stage of  prior work. The approach of  the project 
was reasonable and simple but relied too much on the assumption 
that the formulas were accurate and would scale to an American 
pool table. The code created was accurate, and efficient but it was 
based on an unverified mathematical formula.

An improvement to this project would have been to base the 
probability calculations on a neural network, by recording 
numerous shots beforehand and then training the network based 
on features, such as angles, distances, and ball layouts to 
determine the difficulty of  shots. This was the original plan, as 
videos of  games were taken, but the neural network developed by 
Booz Allen Hamilton did not compliment this approach. The 
neural network approach would also allow for later developments, 
such as considering more intricate shots. 

This project could be used to influence a future, more accurate 
attempt at a virtual pool probability calculator. It could also 
encourage another approach at representing the probability of  
pool shots through mathematical equations. While it did not 
accomplish its goal, this project could serve as a basis for another 
attempt or inspiration for a similar tool for a different game. 
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hitting the object ball in a straight line across the table lengthwise to
calculate the resulting angular error. This is different than the original method 
proposed in the article of  recording the error throughout the course of  a game, 
as that method was not possible, only using still images in between shots.

Using the equation in Figure 3 and a preset variance (h) value of  2.5 × 10−5

the probability of  making a shot was calculated.

A picture taken with a camera mounted above the pool table was fed into 
the neural network. The coordinate pair for each ball’s position, along with its 
identity were saved as a text file. This file was loaded into the Python program 
which extracted the coordinates and calculated the required distances and 
angles needed to determine shot probabilities via the equation in Figure 3 
were calculated. Each combination of  a cue ball, object ball, and pocket were 
analyzed to find the best probability of  potting each ball. The output was a list 
of  each ball and pocket combination with its associated probability.

The created code was able to extract ball locations from the neural network 
and calculate shot probabilities (Figure 4), though the accuracy of  these 
probabilities was uncertain. The formulas were coded in Python and produced 
results initially verified through manual calculations. The formulas were 
updated to reflect the pocket width and ball diameter of  a nine-foot American 
pool table, as opposed to the Snooker ball and pocket dimensions used in the 
original paper. Snooker standard dimensions have a smaller ratio of  ball 
diameter to pocket diameter. Using these American dimensions, the formulas 
were producing probability values greater than one. Unfortunately, the 
difference in the pocket width to ball diameter ratio between the American 
and Snooker tables led to this unintended error. A more robust look into the 
original equations with Snooker dimensions revealed they were also 
producing probabilities greater than one. These faulty probabilities seemed to 
occur when the shot was overly simple, with the object ball directly in front of
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Figure 1: A diagram of  a potted shot (left) and missed shot (right) where C is 
the cue ball, C’ is the translated cue ball, O is the object ball, r is distance 
between cue and object balls, s is the distance between the object ball and the 
pocket, d is the width of  the pool balls, and p is the pocket of  width w.

Figure 4 (left): The program's output given a 
specific cue ball, object ball, and pocket 
coordinate combination. The units are in inches.

Figure 3 (above): The final equation to find the probability of  potting a ball. The value 
𝜙0 is the ideal angle for the path of  the object ball.

Figure 2: The calibration equation, where 𝜃  is the 
ideal shot angle, n is the number of  calibration shots 
taken, and v is the skill ranking of  the player. 
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