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Toward a  
Competitive  
Pool-Playing Robot

F rom behind a closed door in a university cam-
pus hallway comes the distinctive clacking 
sound of a pool game in progress. This isn�t a 
student lounge, but rather a laboratory where 
we�re developing a vision-based, intelligent 

robotic system to play competitive pool. Named Deep 
Green, the system currently shoots at a better-than-ama-
teur level, and our goal is to advance the system to be able 
to challenge a pro�cient human opponent, ultimately at 
a championship level.

Pool�by which we loosely refer to all cue sports, 
including billiards, carom, and snooker�is somewhat 
misunderstood, more likely to evoke images of shifty 
characters in smoky bars than advanced robotics. It 
evolved in the royal courts of medieval Europe as an 
indoor version of croquet. Today, pool is enjoying a 
resurgence of popularity worldwide. Variations are 
played in almost every country, and pool was recognized 
as a demonstration sport in the 1998 Nagano Olym-
pics. According to a 2005 survey,1 more than 35 million 
people played pool that year in the US alone, and pool 
ranked as the eighth most popular participation sport, 
just after cycling and �shing.

The �rst attempt to automate pool was the Snooker 
Machine developed at the University of Bristol in the late 
1980s,2 which culminated with a televised game on BBC�s 
science program QED.3 Since then, researchers have 

developed a number of pool-playing robotic systems4-6 as 
well as a training system that has a computer vision com-
ponent but doesn�t involve robotic actuation.7,8 

DEEP GREEN
As Figure 1 shows, Deep Green is centered on a  

3-degree-of-freedom (DOF) industrial gantry robot, 
which is mounted to the ceiling to avoid impeding human 
access to the table. A digital camera, the global vision 
system (GVS), is attached to the ceiling aiming down 
toward the table, accompanied by an array of directional 
lights. Attached to the gantry�s vertical post is a 3-DOF 
spherical robotic wrist that, combined with the gantry�s 
linear motion, affords the robot complete reachability 
over the workspace. 

The end-effector, illustrated in Figure 2, includes two 
distinct cue devices, one based on a linear electromag-
netic motor and the other actuated pneumatically. The 
electromagnetic cue can be �nely controlled to strike up 
to a velocity of 3 meters per second, which is suf�cient for 
normal play, whereas the pneumatic cue is used solely for 
power breaks and strikes at 12 m/s. A small eye-in-hand 
camera, the local vision system (LVS), is also attached to 
the end-effector, as is a pick-and-place vacuum tool for 
ball-in-hand conditions and automatic racking. 

The table itself is a standard 4-foot × 8-foot coin-oper-
ated pool table, and all devices are connected to a single 
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PC. While the system has been designed to play 
the popular game of 8 Ball, with slight modi�ca-
tions it could play any other variation of pool. 
Figure 3 shows a number of example shots. 

ROBOTICS
Rather than build our own hardware, we 

based Deep Green on standard commercially 
available, albeit customized, components. This 
makes the system relatively inexpensive and 
quick to deploy, and it allowed us to focus our 
effort on the computational challenges.

Camera calibration
The system�s robotic aspects rely primarily on 

computer vision. Before using the cameras, we 
had to calibrate them so that they could accu-
rately determine the ball locations within the 
table�s metric coordinate reference frame. Using 
standard techniques, we determined the cam-
eras� intrinsic parameters, including factors to 
correct for the radial distortion inherent to optical sys-
tems. It was also necessary to rectify the table plane to 
compensate for perspective distortions that result from 
the GVS retinal plane not being aligned exactly parallel 
to the table surface, which is dif�cult to achieve manu-
ally to the desired accuracy.

The retinal plane and the table are related by a trans-
formation known as a homography, a mapping between 
two planes. The standard technique for determining a 
homography involves extracting a minimum of four cor-
responding point locations between a planar pattern and 
its image. This technique is awkward to apply in Deep 
Green as the pattern must be large (the table�s size) as 
well as very �at and accurate.

Alternatively, we exploit an invariant property of the 
projective space that uses a simple target comprising 
perpendicular lines, such as a large carpenter�s square. 
This technique lets us integrate measurements taken at 
various positions on the table into a single homography, 
which we estimate up to an af�nity. With a few addi-
tional simple measurements, we can then recover the 
remaining rotation and scale parameters that map the 
image pixels to metric locations on the table surface.

Ball localization and identification
At runtime, Deep Green acquires a GVS image when 

the balls come to rest and unwarps it to remove the radial 
and perspective distortions. It then compares this image 
with a set of statistics�pixel means and variances�
acquired from a set of approximately 30 background 
images of the table, without any balls present. For each 
pixel, if the difference between the foreground and back-
ground pixel values exceeds some threshold value of the 
background standard deviation, the system judges that 
pixel to be foreground, that is, possibly a ball. 

Because this �lter passes signi�cant noise, the system 
applies a connected-components algorithm and only 
admits those regions large enough to be valid balls. It 
then processes these ball regions using circle-extraction 
and best-�t routines, leading to an accurate estimate of 
each ball�s center location.

Once Deep Green has accurately identi�ed the ball 
locations, it sends the circular subregions de�ning each 
ball to a color-indexing routine to determine the ball 
identities. It must know the exact identity (number) of 
each ball, as the formal rules for 8 Ball require nominat-
ing a ball and pocket for each shot. Of�ine, the system 
forms a 2D histogram in normalized RGB space for each 
of the 16 ball types from a collection of images of each 
ball, taken at different aspects and at various locations 
on the table. At runtime, it compares the color space his-
togram of each ball region with this database and uses a 
histogram similarity metric to classify the ball.

Despite strong similarities between the colors of differ-
ent ball types, and reuse of colors among the stripes and 

Figure 1. Deep Green robotic pool-playing system. The system is centered 
on a 3-degree-of-freedom gantry robot mounted to the ceiling to avoid 
impeding human access to the table.

Figure 2. End-effector components.
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