IEEE TRANSACTIONS ON COMPUTATIONAL INTELLIGENCE AND AI IN GAMES, VOL. 5, NO. 4, DECEMBER 2013

337

Automated 3-D Animation From Snooker Videos
With Information-Theoretical Optimization
Richard Jiang, Matthew L. Parry, Phillip A. Legg, David H. S. Chung, and Iwan W. Grifﬁths

Abstract—Automated 3-D modeling from real sports videos
can provide useful resources for visual design in sports-related
computer games, saving a lot of effort in manual design of visual
contents. However, image-based 3-D reconstruction usually suffers from inaccuracy caused by statistic image analysis. In this
paper, we propose an information-theoretical scheme to minimize
errors of automated 3-D modeling from monocular sports videos.
In the proposed scheme, mutual information (MI) was exploited
to compute the ﬁtting scores of a 3-D model against the observed
single-view scene, and the optimization of model ﬁtting was
carried out subsequently. With this optimization scheme, errors
in model ﬁtting were minimized without human intervention,
allowing automated reconstruction of 3-D animation from consecutive monocular video frames at high accuracy. In our work, the
Snooker videos were taken as our case study, balls were positioned
in 3-D space from single-view frames, and 3-D animation was
reproduced from real Snooker videos. Our experimental results
validated that the proposed information-theoretical scheme can
help attain better accuracy in the automated reconstruction of 3-D
animation, and demonstrated that information-theoretical evaluation can be an effective approach for model-based reconstruction
from single-view videos.
Index Terms—Automated 3-D modeling, computer game design,
visual design, 3-D animation.

I. INTRODUCTION

G

AME design [1]–[5] involves computational intelligence
[8] in many aspects, such as avatar control [2], strategic
decision making [3], resource allocation [4], style modeling [5],
and perceptual interaction [6], [7]. One intriguing application
of computational intelligence for game design is the automated
3-D graphic design that can save time and effort by automatically generating 3-D graphics from real images and videos. Actually, the design of computer games [1] has been seeking inspiring hints from real sports matches, such as the well-known
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games and Snooker games. A trend in sports video game design is to use real sports matches as its resources to build 3-D
graphics for photorealistic visual effects. This has been seen in
British Broadcasting Corporation’s (BBC’s) TV broadcasting
of Snooker games, where laser scanners were used to render
3-D graphics on the site of matches in real-time mode, allowing
TV reporters to explain the match using on-the-ﬂy virtual reality. However, laser-based positioning systems are very costly
and not applicable to the postprocessing of recorded monocular
videos. Instead, vision-based 3-D reconstruction [2]–[5] from
recorded videos may be the most convenient way and, therefore, has received increasing attention from the game industry
[1], while it is expected that an automated animation system can
greatly save in visual design time for video game design [1],
[9]–[12].
There are many ways to extract 3-D information from an
image. Szeliski [13] and Hartley and Zisserman [14] have classiﬁed these approaches into two categories: shape from X and
model-based reconstruction. In the former category, there are
well-known methods such as structure from motion [15], stereo
depth estimation [16], camera array depth estimation [17], shape
from shadow [13], and shape from texture [13]. In the latter one,
a known 3-D model [13], [18]–[22] is used as a priori to ﬁt with
the observed real scene and, hence, 3-D information is extracted
by 3-D model ﬁtting.
Usually, model-based 3-D estimation can give better accuracy than disparity-based statistic inference if we clearly know
which model can ﬁt with the scene. The disparity-based 3-D inference has been limited by the camera resolution, while even
one pixel error in disparity can cause the deviation of several
meters in depth. Besides, many practical applications use singlecamera systems and are not suitable for disparity-based inference. Hence, model-based reconstruction has become a pragmatic solution, especially for sports games where 3-D models
of their playﬁelds can be known precisely.
Model-based 3-D reconstruction usually starts from ﬁtting
keypoints or corners of 3-D models to the observed images. In
3-D face modeling [18]–[20], ﬁducial points are detected to map
a face in an image to its 3-D model. In 3-D human pose ﬁtting
[21], statistic estimation is carried out by ﬁtting with the joints of
3-D human skeleton models. In [9]–[12], an automatic-modelbased 3-D animation reconstruction system was developed for
Snooker games, where four corners of the Snooker table and the
balls on the table were detected and mapped in 3-D space. However, these ﬁtting procedures failed to handle errors in 3-D mapping. Sports game analysis demands high accuracy. Especially
for video-based reconstruction, a highly accurate automatic ﬁtting through consecutive frames is necessary to guarantee consistency among frames.
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Mostly the errors in 3-D model ﬁtting can be caused by two
elements. First, automatic ﬁtting is largely based on various
computer vision techniques, inevitably involving statistic errors. Second, camera distortion may introduce extra errors in
model ﬁtting. Though cameras can be examined and calibrated
manually on site, it may be practically unavailable in many
cases. For example, given that we have a recorded sports video,
we may not know its camera calibration parameters. Hence, we
need a self-correction mechanism to minimize these errors.
In this paper, we present an automatic optimization approach
for 3-D model ﬁtting with monocular scenes. For most sports
videos, we know the generic 3-D models of their sports ﬁelds.
For example, in Snooker videos, the size and shape of the
Snooker table is known accurately. With this prior knowledge,
we can easily use the model to ﬁt with the observed scenes in
Snooker videos. Then, the reconstruction of sports games from
videos becomes a simple matter of evaluating the ﬁtness of the
observed 2-D scene against a known 3-D model.
Fig. 1 shows the framework of our developed system to
produce model-based 3-D animation from Snooker videos, and
Fig. 2 gives an example of our system. Fig. 2(a) shows a frame
in a real Snooker video. Fig. 2(b) shows the result of a 3-D
depth map estimated from model ﬁtting, where a jet color map
is used to illustrate the depth from the border of the table. Subsequently, the balls on the table can be positioned and mapped
into a 3-D animation sequence, as shown in Fig. 2(c). Our work
aims to provide an automated interface for users to generate
animated 3-D graphics from real Snooker videos, which can be
used for visual design in sports-oriented computer games.
The paper is structured as follows. Section II introduces the
3-D model-based animation from sports videos. Section III
presents the proposed information-theoretical optimization
scheme. Section IV gives the experimental results. Section V
concludes the paper.
II. THREE-DIMENSIONAL-MODEL-BASED ANIMATION FROM
SINGLE-VIEW SPORTS GAME VIDEOS
A. Model-Based 3-D Reconstruction
As has been discussed, the key issue in 3-D reconstruction is
its accuracy. A number of pioneering works have been dedicated
to robust evaluation of 3-D reconstruction accuracy. The work
of Weng et al. [23] is one of the earliest instances of estimating
the standard deviation of error in reconstruction using ﬁrst-order
perturbations in the input. Young and Chellappa [24] derived the
estimation error variance of the structure and motion parameters from a sequence of monocular images. Zhang [25] presents
an important contribution on determining uncertainty in the estimation of the fundamental matrix. Soatto and Brockett [26]
analyzed structure from motion to obtain demonstrable convergent and optimal algorithms. Haralick [27] showed how additive random perturbations can be propagated through different
vision algorithms. Sun et al. [28] proposed an error evaluation
of 3-D shape recovery from image sequences using matrix perturbation theory. Ma et al. [29] discussed the problems of sensitivity and robustness in their 3-D motion recovery algorithm.
Morris et al. [30] extended the covariance-based uncertainty

Fig. 1. Framework of model-based 3-D animation generation from Snooker
videos.

analysis for the geometric indeterminacies. Fookes [31] proposed the use of mutual information (MI) for stereo reconstruction. Chowdhury and Chellappa [32] developed an information-theoretical framework to evaluate the quality of 3-D face
reconstruction from multiple views.
In this paper, we extend information-theoretical evaluation
to model-based 3-D reconstruction from single-view scenes in
sports videos. Most sports games have a playﬁeld, and players
or balls run/move in this ﬁeld. Hence, 3-D reconstruction of the
game becomes a problem of 3-D tracking on the playﬁeld in a
3-D scene captured by a camera from a speciﬁc viewing angle.
The Snooker game is such an example.
As the model of the playﬁeld is known a priori, 3-D reconstruction becomes an optimization procedure of ﬁtting the
model with the observed 2-D image in a 3-D space. Because
the observed image may have drastic differences in color from
the known model, direct matching using pixel color may not
be a wise choice. Instead, we are looking for a structural information match between the observed scene and the known
model, and, therefore, information-theoretical evaluation can be
a proper criterion to optimize model-based reconstruction.
B. Formulation of the Problem
In recent research [9]–[12], model-based 3-D reconstruction
has been successfully utilized to reconstruct 3-D animation from
monocular sports videos. As the 3-D model of a speciﬁc kind of
sports video can be known precisely, it is then not difﬁcult to
reconstruct the 3-D scene by ﬁtting the observed 2-D frame sequence to the known playﬁeld model. Consequently, the tracked
motion of players or balls can be mapped in the reconstructed
3-D space for animation. Given the model of the playﬁeld in a
sports video, the primary task is to ﬁt the 3-D model with the observed scene, and ﬁnd the best 3-D transform parameters with
the minimum errors from the observed scene.
In this paper, we take a Snooker video as our case study. The
procedure is shown in Fig. 1. First, image segmentation is applied to segment the Snooker table out of the scene, and the corners of the table are detected roughly by line detection using
Hough transform, as shown in Fig. 3(a), where the table corners
are assumed to be the intersection points of the table edges. The
Hough line detector is provided by OpenCV library. The homographic transform matrix can then be computed from the corresponded corners, and, inversely, we can obtain the 3-D depth
map from the model ﬁtting, as shown in Fig. 2(b). It is then
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Fig. 2. Model-based 3-D animation reconstructed from real sports video. (a) Monocular frame in a Snooker video. (b) Balls on the estimated 3-D depth map.
(c) Three-dimensional animation of a Snooker video.

simple to further segment balls out of the table and map them
into the 3-D scene, as shown in Fig. 2(c).
To map the observed 2-D scene into the 3-D space, 3-D reconstruction of Snooker games can be simpliﬁed as ﬁtting the
playﬁeld through homographic transform. Given that we have
detected key corners in an observed 2-D image, we have their
coordinates in the 2-D image as
(1)
Their corresponding coordinates in the 3-D scene can be
(2)
The following task is to ﬁnd a transform to convert an arbitrary
point in the 2-D scene into a 3-D position according to the 3-D
model. This procedure is called homographic transform [14].
Given the video is taken from the viewpoint , a set of keypoints
in the observed image correspond to a set of corners
in the known 3-D model; we then have a projective transformation from
to
as
(3)
where is the matrix of
, is the matrix of
, and
is a
matrix. Once we have a number of corners and their
corresponding positions in the 3-D model, we can easily infer
from (3) to obtain the homographic transform matrix
(4)
With matrix , we can arbitrarily convert the observed scene
into new views.
However, limited by statistical image analysis, it is common
that the detected coordinates of corners may have errors from
ground truth. Errors may be caused by inaccurate image segmentation, line detection, or camera distortion. As shown in
Fig. 3(a), line detection and corner detection have an apparent
deviation, and, consequently, the mapping of balls can wrongly
go out of the Snooker table, as shown in Fig. 3(b). To correct
these problems, we need to minimize the errors caused from
computer vision algorithms (such as Hough line detection).
Usually, the key points
in the 3-D model can be known
precisely with no errors. This leaves only the detection of feature
points
as the source of errors. Assuming we have deviation

Fig. 3. Errors in 3-D model ﬁtting due to inaccurate corner detection.
(a) Monocular frame and inaccurate corner detection. (b) Errors in ball position
mapping.

in the positions of these feature points as
, errors
will be caused when a set of balls’ positions
in the observed
image are mapped to the 3-D model. Therefore, error minimization is a procedure to optimize the following target function:
(5)
where
denotes the errors in corner detection, stands
for camera calibration parameters, and
are the errors in
3-D mapping of a point into the model-based 3-D space. The
above optimization target function describes the self-optimization mechanism. Section III will give details of this optimization
procedure.
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th tangential distortion coefﬁcient;
.

Fig. 4. Camera distortion is another reason for errors.

C. Preliminary on Camera Distortion
Before we go further with our optimization procedure, it
would be useful to discuss the problems of camera distortion.
A simple camera model using pinhole assumption assumes
that the projected image on the focus plane is linearly proportional to the original world, where its projective transformation
projects a world point
to its image point
by
(6)
where
and
represent the horizontal and vertical focal
lengths of the camera. The above model transforms real-world
3-D coordinates into their ideal image-based 2-D coordinates
and vice versa. However, in practical applications, it is rare to
have perfect pinhole camera models. Nonlinear radial distortion
is commonly present in lens-based cameras. As shown in Fig. 4,
we can observe a kind of distortion called Barrel distortion.
In optics, Brown’s distortion model [13], [33]–[35] has been
developed to describe this kind of nonlinear distortion that
caters for both radial distortion and tangential distortion caused
by physical elements in a lens not being perfectly aligned. The
model can be formulated as

(7)
where
undistorted image point;
distorted image point;
the principal point;
th radial distortion coefﬁcient;

Equation (7) is a simpliﬁed version of the full expanded
Brown model. Here we only keep the formula to its second
,
,
,
, and
.
order with only ﬁve parameters:
Commonly, Barrel distortion typically will have a positive
value for
while pincushion distortion has a negative one.
Usually, camera calibration can provide a mechanism to correct the distortion by warping the image with a reverse distortion. This involves determining which distorted pixel corresponds to each undistorted pixel. A number of works [13],
[14], [33]–[35] have been dedicated to camera calibration from
monocular views. However, they usually depend on extra cues
such as laser scan [34] or Global Positioning System (GPS) [35],
or need to use a chessboard or some speciﬁc pattern in the scene
[33], making these approaches not directly applicable to practical applications where an automation procedure is demanded.
In this paper, we took advantage of the a priori knowledge on
3-D models, and exploited the information-theoretical evaluation to help select the best camera calibration parameters automatically with no extra human intervention or preset chessboards.
III. THREE-DIMENSIONAL MODEL FITTING USING
INFORMATION THEORY
A. Motivation of Information-Theoretical Evaluation
Information theory was founded by Shannon [36] and Wiener
[37] more than half a century ago. While the development of
information theory has been focused on the fundamental limits
of data compression and reliable communication [38], it has
stimulated a wide spectrum of applications, including biology,
psychology, game theory, and decision theory. Over the last
two decades, information theory has been applied extensively
to image processing and computer vision [39], [40]. The
statistical quality analysis of 3-D reconstruction algorithms
has been studied extensively. Information-theoretical evaluation [30]–[32] has been proposed for stereo and multiview
reconstruction. However, most of these existing works have
limited their research to evaluation itself rather than automatic
optimization, and have been concerned mainly with stereo or
multiview cases.
In our work, we extend information-theoretical evaluation to
model-based reconstruction from single-view videos, and aim
to develop an automated scheme, not only to evaluate the reconstruction quality, but also to automatically optimize parameters and minimize errors in reconstruction. In addition, we include automatic camera calibration in our optimization scheme,
making it available to automatically correct camera distortion
in 3-D reconstruction.
B. Mutual Information Evaluation
In information theory, MI [38]–[40] is an important criterion
to measure the amount of information that can be obtained about
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TABLE I
CAMERA CALIBRATION PROCEDURE

(8)
MI can be considered a statistic for assessing independence between a pair of variables, and has a well-speciﬁed asymptotic
distribution.
In this paper, to compare an observed image against the 3-D
model, we need to set up an MI scoring scheme. To accommodate the existing MI theory for our application, we adopt
color space for pixel color format. Assuming that
signals
are independent from one other, we can consider the image as a
1-D vector
(9)
and similarly for the template image generated from the ﬁtted
3-D model, we have
(10)
With the above
and , we can then compute their entropy
,
, and
.
Here the sequence of color values can be considered as the
observed values of the random variable ; we can then compute
the color entropy of the sequence as
(11)
Here, we choose 32 bins uniformly distributed from 0 to 1, and
is computed by counting how many
in the sequence fall in the bin
.
It may be slightly complex to compute the joint entropy
. Similar to (12), we have the joint entropy deﬁnition
as
(12)
stands for the joint probability, which can be
Here,
considered as the computation of the 2-D histogram of
and
. Given that we have 32 bins for each color space, the 2-D
histogram will have
1024 bins in total, and
stands for how many
as a combination will fall into the
bin
. After we have
, the joint entropy can then
be computed from (12). With the above formula, once we have
,
, and
, we can obtain the ﬁnal MI score
easily from (8).
For a match between the 3-D model and the image, the higher
the MI score, the better is the match. Hence, we are looking for
the maximum MI score in our optimization.
C. Camera Calibration
In our work, camera calibration in the context of model-based
3-D reconstruction means ﬁnding the best parameters in (7) to
attain the best MI score when compared with the known model.
It turns out to be a procedure of searching in the parameter
spaces to ﬁnd the best model ﬁtting.

Fig. 5. Standard 3-D model of a Snooker table.

Since the search space is very large, when considering all possible parameters an exhaustive search is usually unfeasible. Instead, we simplify the optimization by a “divide-and-conquer”
strategy, and utilize a “coarse-to-ﬁne” searching scheme. At the
coarse level, the image is resized to one fourth, and the search
is carried out for each parameter separately. The search space
of each parameter is split at the coarse interval , and an MI
score for each interval is computed. Then the value with the best
MI score is set to the parameter. In the mid-level, the image is
resized to half, and the search space is limited to the regions
around the best values found in the coarse level search. The
search step is set to
. In the ﬁne level, the image is kept at its
original size, and the search step is set to
. Table I lists the
pseudocodes of the camera calibration procedure using MI.
Fig. 5 shows the 3-D model of a Snooker table. Fig. 6 shows
the model ﬁtting results with different distortion parameters.
The MI score of each model ﬁtting result is shown at the bottom.
The upper row is the frame calibrated with the given parameters,
the middle row shows the depth map estimated from the model
ﬁtting, and the lowest row shows the top view of ball positions
after calibration. Table I lists the pseudocodes for camera calibration step by step.
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Fig. 7. Correction of corner coordinates.

Fig. 6. Camera calibration of Barrel distortion.
TABLE II
CORNER CORRECTION PROCEDURE

Fig. 8. Three-dimensional camera pose estimation. Red text labels on each
image are the estimated azimuthal (az) and zenithal (zn) angles of the camera.

D. Corner Correction
Besides camera calibration, we also need to carry out corner
correction, while errors in statistic corner detection can ruin the
accuracy in the reconstruction of 3-D animation, as shown in
Fig. 3.
Table II lists the pseudocodes for corner correction using MI.
It is very similar to the camera calibration procedure, except that
it is corner coordinates being optimized in this procedure.
Fig. 7 shows the model ﬁtting results at different corner positions. The MI score for each model ﬁtting result is shown at the
bottom. The upper row shows the depth map estimated from the
model ﬁtting using given corner coordinates, and the lower row
shows the top view of ball positions after model ﬁtting.
E. System Overview
Fig. 1 shows the overview of the whole system. To process a
video shot, the ﬁrst frame is input, the playﬁeld is segmented,
and corners are detected. Then, camera calibration and corner
correction are carried out. After the optimized model ﬁtting is
attained, a depth map can be estimated in correspondence with

the segmented playﬁeld, as shown in Fig. 2(b). Here the depth is
measured from the border of the playﬁeld. The segmented balls
can then ﬁnd their coordinates easily on the depth map, and,
therefore, 3-D animation can be produced faithfully according
to the input video.
In our work, we assume a ﬁxed camera position for each video
shot. Fig. 8 gives the estimated camera poses on an input image
after an optimized ﬁtting is found. Here 3-D camera pose is described by its azimuthal and zenithal angles. In our computation,
other camera intrinsic parameters, such as focal length, are not
really needed because the absolute distance of a ball from the
camera is not concerned in our application.
In this paper, we mainly focus on how to minimize the errors
in 3-D reconstruction, and use the same techniques as described
in [9]–[12] to detect balls. Occlusion can be a serious problem
in many cases, such as tracking the players in a soccer game.
However, in Snooker videos, it is relatively simple to separate
balls in occlusion from each other, as they have different color
or different specular reﬂection points [9]–[12].
IV. EXPERIMENTAL RESULTS
A. Experimental Conditions
In our experiment, all test videos were recorded from Terry
Grifﬁths Matchroom, Waunlanyrafon, Llanelli, U.K., and encoded in Windows AVI format. The frame rate was set to 30
frames/s. The frame size is 640 480 pixels.
The proposed 3-D reconstruction system was implemented
on MATLAB and C++ platform. OpenGL was utilized to visualize the reconstructed 3-D animations. The computer used for
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Fig. 10. Three-dimensional animation demos of automated correction. (a) Reconstructed 3-D animation without correction. (b) Reconstructed 3-D animation
with automatic correction.

Fig. 9. Scores in the search space of
by MI, SAD, and CC. Blue points
denote the local extrema, and red points denote the ground truth. (a) MI scoring
versus SAD scoring. (b) MI scoring versus CC scoring.

our test has 2-GB random access memory (RAM) and a 3-GHz
dual-core central processing unit (CPU).
In our experiment, the procedure was run along the pipeline
stages shown in Fig. 1. The major part of the whole procedure
included two important steps: to correct the camera distortion
and to minimize the errors in corner detection. We chose two
other criteria for comparison, sum of absolute difference (SAD)
and cross correlation (CC), and investigated if the proposed
MI scheme can better fulﬁll the purpose to optimize the model
ﬁtting.
B. Experimental Results
Fig. 9(a) and (b) shows an example of the search space using
the MI score against two other scores: SAD and CC. Its -axis
shows the score, and its -axis shows the calibration parameter
. The SAD score is computed by summing all pixel differences, and cross correlation is computed by the “xcorr” function
provided by the standard MATLAB library. All scores are normalized so that their maximum scores in the search range can
be 1.0. The ground truth of
is labeled as a red point in Fig. 9.
It can be observed that only the MI score can properly measure
the structural match with the model with its highest score around
the ground truth (the red point in the ﬁgure).
Often, the observed image may have a drastically different
appearance due to varied color illumination, texture, shadow,
and reﬂection. Hence, any direct measure of pixel-based color
difference will not give correct answer, and both SAD and CC
will not be able to work properly to measure whether the image
is structurally matched with the model.

In Fig. 9, it is also noticeable that the MI search spaces have
many local maxima and minima (shown as blue dots). For this
reason, it is obvious that heuristic search may get stuck in these
local extrema. To overcome this problem, we used a simple
coarse-to-ﬁne search strategy, as described in Section III. We
initially predeﬁned an empirical search range for every parameter, used a coarse interval to sample the search space at the ﬁrst
step, found its maximum score, and then used a dense interval
to sample the search range around the maximum score. For example, to search in
’s space, we used an interval of 0.1 at the
ﬁrst level, then 0.025 at the second level, and 0.01 at the last
level. With this coarse-to-ﬁne strategy, we easily found the best
match. Fig. 6 shows how the model ﬁtting was optimized during
the search using MI scores.
We had several parameters for camera distortion. In each
level, our search procedure went through every parameter, in
turn ﬁnding their maxima at coarse scale, and then moving to
the next level.
Corner correction was another critical task in our optimization procedure. Assuming that the detected corners had small
errors from ground truth, we applied a similar strategy to search
for better corner coordinates. Here we predeﬁned the search
range as 25 pixels. The intervals from coarse to ﬁne were
5 pixels, 2 pixels, and 1 pixel. Fig. 7 demonstrates how the
model ﬁtting was optimized during the search of the best corner
coordinates.
Fig. 10 uses 3-D animation to demo how the procedure corrected the errors of ball positions. The trajectories of the balls
were shown as consecutive balls. Fig. 10(a) shows the mapped
results from the video to 3-D-model-based animation without
error correction, where the yellow and black balls have been
wrongly embedded in the cushion cloth, and the pink ball is not
in its correct position (labeled as the red circle). Fig. 10(b) shows
the corrected 3-D mapping result, where it is clearly seen that
the yellow ball exactly falls into the middle pot, and the black
and pink balls are in their correct positions.

344

IEEE TRANSACTIONS ON COMPUTATIONAL INTELLIGENCE AND AI IN GAMES, VOL. 5, NO. 4, DECEMBER 2013

REFERENCES

Fig. 11. Test results on ten video shots using MI, SAD, and CC as the optimization criteria. The average errors of ball positions from ground truth were
counted in pixels.

Fig. 11 shows the reconstruction errors on ten test video shots.
For each video shot, its corners were automatically detected and
the model ﬁtting was optimized by adjusting the distortion parameters of the camera and the corner coordinates. Three ﬁtting criteria were used in the test: MI score, SAD score, and CC
score. We then measured the errors of ball positions from the
manually labeled ground truth in the automatically generated
animations (as shown in Fig. 10). The average absolute error
(AAE) of each video shot was counted by pixels. We can see
that the optimization using the MI score has converged correctly
and attained the least errors consistently on all test video shots.
V. CONCLUSION
In conclusion, an information-theoretical scheme is proposed
to minimize errors in 3-D model ﬁtting from a single-view scene
and to convert monocular sports videos automatically into 3-D
animated graphics. In the proposed scheme, MI was exploited to
compute the ﬁtting scores of a 3-D model against the observed
single-view scene for the automated model ﬁtting. With this optimization scheme, errors in model ﬁtting can be minimized
without human intervention, and hand-free camera distortion
correction can be attained without the use of any preset chessboard or speciﬁc pattern in the video. The system was tested
on a number of Snooker videos, and the experiment validated
that the positions of the balls in the 3-D space were automatically estimated from single-view frames at high accuracy. The
3-D animation was successfully reproduced from real Snooker
videos with minimized errors. With this successful validation,
the proposed scheme is expected to provide an automated way
to reconstruct animated scenes from real sports videos for game
design, which can be used for visual design in sports-oriented
computer games and, hence, saves time and effort in video game
development.
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