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Abstract

Camera control techniques for Interactive Digital Entertainment (IDE) are reach-
ing their limits in terms of capabilities. To enable future growth, new methods must
be derived to address these new challenges. Existing academic research into cam-
era control is typically devoted to cinematography and guided exploration tasks,
and is not directly applicable to IDE. This paper describes anovel application of
constraint satisfaction in the design of a camera system that addresses the unique
and difficult challenges of IDE. It demonstrates a specialized constraint solver that
exploits the spatial structure of the problem, enabling thereal-time use of the cam-
era system. The merit of our solution is highlighted by demonstrating the com-
putational efficiency and ability to extend the cameras capabilities in a simple and
effective manner.

1 Introduction

The primary role of the camera in Interactive Digital Entertainment (IDE) is to provide
a window between the user and the environment. This window defines not only how
and what the user sees, but also the way in which the user interacts with elements of
the environment. Limitations of existing commercial camera systems are well known.
Every gamer has had the frustrating experience of missing a crucial jump or getting
pummeled by enemies because the camera became obstructed orfaced the wrong way.
As such, camera control plays a pivotal role in how the user perceives the environment
and the effectiveness of the experience. It is the responsibility of the camera control
system to calculate the appropriate camera properties to present the user with their view
of the virtual environment for each frame of animation.
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Achieving competence in a camera control system is a complextask which requires
management of the trade-offs between system and development complexity, and the
overall effectiveness of the camera. Camera systems for virtual environments introduce
new problems not apparent in situated environments, as the camera movement, focal
length, and field-of-view are not bound by physical laws.

Without the influence and restrictions of real-world constraints on the camera prop-
erties, achieving smooth movement in a virtual environmentis difficult. In addition to
smooth movement, the camera control system is responsible for positioning the cam-
era appropriately to setup the viewing properties of the scene. In the simplest cases,
these viewing properties can be easily defined and evaluated. However, as the viewing
properties become more complex (additional targets, denser and more dynamic en-
vironments, complex framing properties), autonomously controlling a virtual camera
becomes increasingly difficult.

The task of controlling the virtual camera in a realistic andcoherent manner is the
core problem of autonomous camera control for IDE. What appears on the surface to
be a straightforward problem is compounded by the nature of the problem domain.
Visualizing multiple fast-moving targets, avoiding occlusions in dense and highly dy-
namic environments, and handling unpredictable user control of targets are a few of the
often conflicting issues that must be resolved. The real-time nature of IDE makes the
efficiency of the solution very important.

While the theory of camera control is useful in domains outside of IDE, the strict
requirements of IDE provide an ideal testbed for development. Not only do IDE envi-
ronments provide a low-cost alternative to real-world testing, the ever increasing com-
plexity and realism of the environments makes them a plausible domain for evaluating
all manner of new technologies [28].

1.1 Motivation

This paper is practically oriented, and as such the researchis driven by deficiencies
in the camera control methods used within the IDE industry. Current camera control
methods used by industry for IDE are very application specific, often requiring many
special case fixes. The camera system often needs to be re-written or re-designed for
use in another application, often requiring the re-tuning of many parameters. This
reduces code re-use, and adds time and cost to IDE development.

The requirements for an autonomous camera system for IDE are:

• Real-time. The camera must be responsive to user input and operate underin-
teractive time constraints.

• Competent. The camera must maintain a clear view of the currently selected
character(s) and provide coherent motion to maintain this view.

• Extendable. The camera must use a flexible architecture to adapt to changing
demands required by games.

• Dynamic. The camera must deal with complex and dynamic environments.

• Environment independence. The camera must be able to deal with a variety of
3D worlds commonly found in games.

• Ease of implementation. The camera must not require pre-processing of the
environment.
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• Cinematic. The camera must support cinematic functionality.

Industry based methods are computationally efficient, however they lack the ability
to express complex visual properties such as the spatial configuration of objects in the
rendered image. As IDE applications become increasingly complex, so do the demands
on the camera system. Existing methods often have little or no potential for expanding
their capabilities, and are therefore of limited use for future applications.

Existing research from academia is primarily focused on scientific visualization
and automated cinematography. Neither of these domains aredirectly comparable to
IDE, as they have differing computational and visualization requirements. The research
is often more concerned with the high-level camera specification than the low-level
motion of the camera.

As a result of this focus, existing academic methods only partially address the issues
associated with IDE camera systems. They often provide frameworks that are very
general in nature, and do not translate effectively to the specific requirements of IDE
camera systems. There is often no exploitation of problem-specific optimizations, and a
reliance on very general solution methods. This makes the computational performance
prohibitive for applications in the IDE domain.

With the growing importance of competent camera systems forinteractive games,
research to address the IDE-specific problems remains an open issue. There is currently
a lack of camera systems that address the increasing need forflexible and cinematic
capabilities for IDE. Constraint satisfaction methods provide a good framework for
addressing these design challenges.

The constraint satisfaction field has a rich and varied research history, providing a
rich representation for many problem spaces [27]. Highly specialized algorithms have
been created to solve problems represented using this framework. By leveraging this
research, considerable benefits in the design and implementation of an autonomous
camera system for IDE can be achieved.

This paper is an extension of our original work in [9], and is organized as follows:
the next section covers the necessary related work in the field. The weighted-CSP
framework used by our camera system is described in Section 3, with a detailed dis-
cussion of the constraint solving process described in Section 4. Extensions to the
camera system are covered in Section 5, followed by the conclusion and directions for
future research.

2 Related Work

Camera control methods used in industry are often based on efficient mathematical
techniques. Methods such as polar coordinates [17] and spherical coordinates [31] are
common. To address movement issues that arise with these approaches, spring systems
are often applied to produce morenaturalcamera motion [26].

Some recent work has investigated the use of more sophisticated camera control
methodologies for IDE. Quaternion interpolation [7] and proportional controllers [21]
provide in-built mechanisms to generate smooth camera motion. The use of steering
behaviours applied to a virtual camera have also been investigated [12].

2.1 An Overview of Constraints

The most common representation for constraint-based camera systems is defined here
to reduce repetition, and where appropriate, variations ofthis representation are de-
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Constraint Description

Size The size of an object in the rendered image, usually specified
as a percentage of the frame area.

Placement The placement of an object in the rendered image, usually
specified as left, right or centre.

Vantage Angle The altitude to view the object from, sometimes represented
as height.

Viewing Angle The angle to view the object from, usually determined with
respect to the facing direction of the object.

In View To ensure that a given object is within the camera view.
Exclude To ensure that a given object is not within the camera view.
Depth Order Specific depth ordering of two or more objects, where one

must be closer to the camera than the other.
Occlusion Minimize (or avoid) the amount of occlusion of an object.

Table 1: Common Constraints.

scribed. The variables of the camera control problem typically map directly to the
camera position (X, Y, and Z are treated as three distinct variables), camera viewpoint
(X, Y, and Z), and the camera’s Field-Of-View (FOV), totaling seven variables.

The domains for each of the constraints differs, however forthe camera position
and viewpoint variables the domain is typically a subset of possible world coordinate
positions that the camera can occupy. For the FOV variable a set of values between the
two extremes of the FOV are used, often mapped between30◦ and100◦.

The constraints dictate the visual preferences of the resulting image, and can easily
represent complex visual properties. The current instantiation of values to the variables
is compared against the desired camera configuration (constraints) to find a solution.
A non-exhaustive list of common constraints and what they dois shown in Table 1.
Although the names and actual implementation of constraints often varies between
approaches, many of them share the same principles and constraints.

2.2 An Overview of Constraint-Based Approaches

Drucker and Zeltzer investigated the use of camera modules to control the viewing and
movement properties of a virtual camera [18, 20]. Each camera module consists of a
set of constraints that are necessary to achieve the desiredcamera behaviours, using
constraints such as path planning. The goal of the camera system is to provide an
optimal path through a virtual museum, with the camera path passing by any objects of
interest specified by a user.

The constraints are used to align the camera to the world up vector, maintain a
camera height relative to the floor, maintain the camera viewnormal towards the ob-
jects of interest, and maintain the camera position on a collision free path. The path
through the environment is derived using an A* search algorithm. The use of a path
planning algorithm and associated collision avoidance strategy makes it difficult to ap-
ply the technique in dynamic environments, as the path must be recalculated for each
change in the environment. This technique is primarily usedfor cinematics and guided
exploration purposes, but is of little practical use in IDE.

The CamDroid system [19] extended upon the initial camera framework developed
in [18], by allowing camera modules to be sequenced. The camera modules are linked

4
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together as nodes in a graph, with the arcs representing possible transitions between
them. The transitions between camera modules are enacted bymatching the corre-
sponding simulation state to the entry and exit conditions of the current and future
modules respectively. This system is analogous to a finite state machine.

The constraint solver employed by Drucker is based on the sequential quadratic
programming technique [20]. The problem is formulated as a sequence of quadratic
sub-problems leading to a solution of the constrained problem.

The constraints used by Drucker and Zeltzer were combined tospecify how objects
should appear in the final rendered image, and also any animation or path following
for the camera. Bares et al. developed the CONSTRAINTCAM , which constrained the
viewing properties of each actor within a virtual environment [3]. This allows for the
desired viewing properties of each actor to be defined separately, with the constraint
solver determining the camera position to satisfy these viewing properties.

When a suitable position is not found, anincompatible constraint pair graphis
generated. Constraints that are considered weaker are progressively relaxed to increase
the chances of finding a solution. This process is repeated until a solution is found, or
the camera system decides it is not possible to generate a suitable solution.

A similar approach is adopted by Christie and Normand in [16]. Their semantic
space partitioningapproach generates a volume that encompasses possible camera lo-
cations that generate qualitatively equivalent shots. Each volume is constructed based
on semantic tags derived from the film grammar [1]. From the intersection of these
volumes, a numerical solver derives the camera position, orientation and focal point
that best satisfies the desired framing properties.

Bares and Lester extended the CONSTRAINTCAM [3] solver by proposing the use
of multi-shot visualizationswhen the camera cannot find a suitable position through
constraint relaxation [4]. Once a visualization has been deemed to have no suitable
camera position to satisfy the constraints, the visualization is separated to provide the
user with several windowed views of the objects.

A distant overview visualization of the scene is provided asthe main view, with
smaller insets demonstrating objects within this environment rendered separately. This
allows the user to view the context of the action, while stillmaintaining the desired
views of the objects. The multi-shot visualization camera properties are extracted from
the Multi-Shot Frame Composer, which maintains a set of potential camera positions
for displaying the multi-shot visualization for one to fourcameras per screen.

Bares et al. introduced constraint weighting on the visual constraints to provide a
mechanism for preference of certain visual properties [5].The system uses a modified
CSP representation, with the variables being defined as the position/3, view/3, fov/1,
and up/3 (totaling 10 variables). The degree of satisfaction of a constraint is calculated
to be a fractional value between 0 and 1. The satisfaction rating for a given solution
is computed from a weighted sum of the satisfaction values ofall of the individual
constraints.

The constraint solver in this approach is a generate-and-test method [5]. The solver
is run over a grid of points with dimensions of 20x20x20 points, which constructs
regions of space to cull points that fail to satisfy camera positioning constraints. The
point with the highest percentage of satisfaction is used asthe camera position to render
the current frame.

This solving mechanism is refined in [2], by refining the scaleof the grid recur-
sively. The first pass of the solver evaluates the potential solutions in a 9x9x9 grid,
with the top five positions retained as the centre points of a more refined pass. Each
of these five positions then has a grid of 4x4x4 elements (withsmaller dimensions), to
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refine the search around the regions most likely to contain a preferable solution. This
process is performed recursively until a suitable solutionis found, or the search has
exhausted its time or moves. As the number of recursions increases, the number of po-
tential solutions evaluated increases significantly, thereby increasing the computational
time required by the solver.

A more sophisticated approach is used by Languenou et al., that uses an interval
constraint solver to determine the camera position [29, 6, 15]. The constraints are eval-
uated in screen-space, where the user defines how the resulting image should appear.
The use of interval constraints precludes the use of constraint weighting, which is often
useful for controlling camera motion.

The constraints are divided into three categories: camera descriptions to control the
movement of the camera (panoramic, high/low angle, and fixedlocation panoramic);
image-space constraints on objects (fully included in view, partially included in view,
fully excluded from view); and constraints on objects in relation to the camera (orien-
tation of the object axis, front side visible, and closer than). Each constraint is assigned
a duration, enabling complicated camera paths to be generated by the activation/de-
activation of constraints over time. Christie extended theinterval constraint approach
with the introduction ofconstrained hypertubesfor planning the camera path [14, 13].
The camera motion is controlled by moving it over pre-definedpaths (hypertubes),
which are sequenced to generate the camera animation.

Halper and Olivier employ the use of genetic algorithms to derive the camera posi-
tion, viewing direction, and field-of-view in the CamPlan system [24]. The individuals
of the population represent a set of camera properties that are used by the rendering
system. The rendered image generated by each individual is used to evaluate the fit-
ness (success) of the individual. The scene is rendered in multiple passes, and reads
pixel data back from the graphics buffers to determine how well each camera position
matches the desired constraints. The execution time of the genetic algorithm is too
slow to enable it to be used in real-time interactive applications.

Based on [24], Halper et al. explicitly introduced the idea of frame-coherencein
their camera system developed for computer games [23]. In order to achieve smooth
camera movement over time (defined as frame-coherence), path planning approaches
are used.

Prediction of the future states of the target and camera is used to allow the camera to
adapt to future problems [23, 22]. Committing the camera plan to predictive states that
may be invalid can produce incorrect camera behaviours. Revising these predictions
each frame resolves this issue, however it adds additional computational overheads that
are not required by reactive camera systems.

To make the camera system suitable for computer games with tight computational
requirements, the set of constraints described in [24] is dramatically reduced, leaving
only those constraints necessary to maintain control of thecamera (relative height,
facing, size of object, visibility, and look at).

Each constraint is assigned a degree of relaxation, which allows the constraint to be
violated before the camera changes its position to satisfy the constraint. As an example,
a height value of 100 may have a relaxation value of 10%. If thedifference in height
between the target and the camera is within±10% of 100, the camera will not move
to satisfy the constraint. Once the difference is greater than 10%, the camera moves to
satisfy the constraint. Rather than attempt to progressively satisfy the constraint over
time, the camera position is placed at the limit of the relaxation zone of the camera.
Because the constraints are evaluated each frame, it is unlikely that the camera moves
in inappropriate ways. This approach does not propose a solution for situations where
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the camera position is outside the relaxation bounds (over-constrained).
Hawkins represents the problem as an optimization problem using stochastic local

search [25]. The solver relies on the accuracy of aninitial guess, which is an estimation
of a camera position that satisfies the constraints imposed by the user. The computa-
tional time of the solver increases when the accuracy of the initial guess is poor. A local
search algorithm using a form of gradient descent is then used to find local optima near
the initial guess by minimizing a cost function.

Yee and Arabian describe the development of a cinematic camera system suitable
for real-time strategy games in [33]. The theory to autonomously select interesting ac-
tions and targets based on image-space analysis is presented. Due to the computational
expense of these methods, alternative techniques exploiting game logic knowledge to
determine thesaliencyof potential objects to visualize is described. Based on this
saliency value, potential targets are ordered and then selected for visualization by the
cinematic component of the camera system.

Camera control methods used by industry are typically very efficient, however they
lack expressive power and have limited capacity for adding new capabilities. The exist-
ing constraint-based camera control research is primarilyfocused on cinematography
and guided exploration tasks. This renders them unsuitablefor use in interactive digital
entertainment applications. There is an increasing need for a flexible and extendable
camera system that addresses the specific requirements of IDE.

3 A Weighted CSP Framework

The camera system described in this paper is a reactive design, built upon our previous
work in [8, 9, 10]. Each frame of animation is treated as a new constraint satisfac-
tion problem to be solved, with minimal inter-frame dependencies. This allows the
camera to be used in highly dynamic and interactive environments, without additional
dependence on the efficiency and robustness of predictive systems.

The CSP representation used by our framework is simpler thanthe conventional
frameworks described in Section 2.1. We consider only the camera position (X, Y,
and Z) as the variables. This eliminates a number of variables from the constraint sat-
isfaction process, thereby simplifying the development ofefficient constraint solvers.
The viewpoint of the camera is typically synchronized with the target position, how-
ever extensions to this concept are described in Section 5.2. The manipulation of the
field-of-view is not common, so it is removed from the constraint solving process.

The domain represents a subset of the environment, defining an area in space that
the camera can occupy for the current frame. The domain is considered to be cubic,
with equal dimensions along each axis. The scale and resolution of the domain is
determined by a number of factors, including the distance the camera is expected to
move per-frame, and how finely the domain should be searched.The resolution of the
search must be sufficient to enable the camera to achieve smooth movement. These
parameters are application-specific and are therefore derived accordingly. The domain
is centred around the current position of the camera and mustbe large enough to allow
the camera to make the necessary movements for the current frame.

The constraints used to control the camera are defined and evaluated in world co-
ordinates. This allows a straightforward specification of the camera properties, while
also simplifying the evaluation process for each constraint. The initial constraint set
defines the basic spatial relationship between the camera and the target, and utilizes
three constraints (visualized in Figure 1).
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Figure 1: Initial constraint set.

• Height. Maintains a relative height relationship with the target.

• Distance. Maintains a relative distance relationship with the target.

• Orientation. Maintains a relative angular alignment between the cameraview
vector and the target facing vector.

The boolean (satisfied or unsatisfied) evaluations for each constraint is shown in
Equations 1, 2, and 3. The difference in values (∆ values) are derived using Equations
4, 5, and 6

height = (heightdesired − ∆height) (1)

distance = (distancedesired − ∆distance) (2)

orientation = (orientationdesired − ∆orientation) (3)

whereheightdesired, distancedesired, andorientationdesired are single floating-
point values.

∆height = (cameray − targety) (4)

∆distance =

√

(

(camerax − targetx)2 + (cameraz − targetz)2
)

(5)

∆orientation =
(

orientationtarget · (camera − viewpoint) ∗
180

π

)

(6)

wherecamera is the potential camera position being evaluated, andtarget is the
target position. Thetarget, camera, viewpoint, andorientationtarget variables are
all three-component vectors.

3.1 Weighted Constraint Satisfaction

Using boolean constraints forces the camera to maintain theexact spatial relationship
as defined by the constraints, producing unrealistic and undesirable camera motion.
Rather than applying spring systems to smooth the camera’s motion, weighted con-
straint satisfaction is applied.

8
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Each constraint has a pair of values: a constraint value and acorresponding weight.
The constraint value defines the desired spatial relationship between the camera and
the target. The constraint weight indicates a relative measure of importance of the
constraint. There is no support for hard constraints, and all weights can have arbitrary
positive or negative values. Very high weights on a single constraint effectively creates
a hard constraint.

The search process is reduced to finding a position in the domain that has the min-
imal cost in terms of constraint violations. The cost of a constraint is calculated by
determining how much the constraint is violated (how unsatisfied it is) and multiply-
ing this value by the constraint weight. The cost of a position (potential solution) is
the sum of all constraint costs. To facilitate weighted constraint satisfaction, the initial
constraint set must be modified to return a level of satisfaction. The revised evaluations
for the constraints are shown in Equations 7, 8 and 9.

heightcost =
∣

∣

∣
heightdesired − ∆height

∣

∣

∣
∗ heightweight (7)

distancecost =
∣

∣

∣
distancedesired − ∆distance

∣

∣

∣
∗ distanceweight (8)

orientationcost =
∣

∣

∣
orientationdesired − ∆orientation

∣

∣

∣
∗ orientationweight(9)

where the difference in values (∆ values) is derived using Equations 4, 5, and 6.
Not all constraints return the same scale of violation in their delta values (Equa-

tions 4, 5, and 6). Constraints with large delta values contribute more to the overall
solution cost when multiplied by their weight. Similar constraint weights should have
the same impact on the overall solution regardless of the scale of the delta values. This
is achieved by normalizing the constraint weights so that they apply equally to each
constraint (Equation 10).

NewConstraintweight = OldConstraintweight/Constraintvalue (10)

This equation holds for constraints that can have arbitrarily scaled values (e.g. dis-
tance and height). However, the orientation constraint is constrained to degrees, and
therefore always has a possible range of0◦ through180◦ of potential violation. For
this reason, when normalizing the orientation constraint,the weight should be divided
by 180 rather thanConstraintvalue.

Using the weighted constraint satisfaction approach, the camera motion and spatial
properties are only weakly coupled. The constraint values define the spatial properties,
and do not significantly impact the influence of the constraint weights. The constraint
weights effectively define how the camera moves to satisfy the constraints, and do not
significantly impact the influence of the constraint values.

The reactive nature of the camera design can make it susceptible to incoherent,
or jumpy, movement. Incoherent motion occurs when the distance the camera moves
between frames fluctuates wildly, rather than maintaining similar values. This issue is
resolved by the introduction of aframe-coherenceconstraint. The constraint evaluates
the difference between the distance the camera wants to movein the current frame,
and the distance moved in the previous frame. If the difference is large (indicating
incoherent motion), the constraint weights the current position to be more expensive
than those positions with a smaller difference in the distance metric. This results in a
controllable amount coherence in the camera motion.

9
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Figure 2: Camera control as a tree search.

Unlike the spatial constraints, the frame-coherence constraint has no preset con-
straint value. It only has a weight indicating the importance of frame-coherence to the
motion of the camera. The frame-coherence evaluation is shown in Equation 11.

coherencecost =

∣

∣

∣
distancelastframe − distancepotential

∣

∣

∣

frameinterval
∗ coherenceweight (11)

wheredistancepotential is the distance the camera will move this frame using the
current potential solution. Theframeinterval is the elapsed time since the previ-
ous frame, allowing the constraint to operate in a frame-rate independent manner. The
distancelastframe value is maintained internally by the camera for use in this con-
straint, and represents the distance the camera moved in theprevious frame. The weight
of the constraint determines how much variance of movement distance is allowed by
the camera.

The task of finding a suitable instantiation for the variables is time-critical in inter-
active applications. The following section describes the specialized constraint solver
developed for camera control in IDE.

4 Constraint Solving

The tree representation of the constraint solving process is shown in Figure 2. The
depth of the tree is equivalent to the number of variables used in the representation.
The number of nodes for each variable is equal to the number ofdomain values for
each node. As shown in Figure 2, the tree has a very shallow depth (a depth of 3
using our representation). This shallow tree makes the application of backtracking
and backjumping heuristics difficult, since the amount of pruning performed by such
heuristics is minimal. Getting real-time performance fromthe solver therefore requires
the use of different heuristics.

Our previous work relied on local search methods to improve the computational
performance of the constraint solver [8, 9]. By enumeratingand examining the search
space (or cost surface) for the camera control problem, new algorithms to exploit this
information can be devised. Examples of the search spaces are shown in Figure 3.

The cost surfaces in Figure 3 are generated by calculating the cost of each solution
within the searchable domain, evaluating only the height, orientation, and distance
constraints with a static target, facing along and positioned along the positive Z axis.
The box represents the searchable domain for the camera position, with the colour of
each potential solution representing the cost. Solutions with a low cost (preferable) are
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Figure 3: Example cost surfaces for the weighted constraintsatisfaction representation.

shown in white, while solutions with a high cost (undesirable) are shown in black. The
strength of the gradient illustrates how the constraint weighting influences the search
space.

High constraint weights result in much sharper gradients, providing a clear delin-
eation between unacceptable constraint violations and constraint satisfaction. Low con-
straint weights result in broader gradients, providing a gradual transition between un-
satisfactory and satisfactory values. With broader gradients, the camera makes gradual
movements to satisfy the constraint(s), resulting in arelaxedcamera motion, whereas
sharper gradients cause the camera to make fast movements tosatisfy the constraint(s),
resulting in anenergeticcamera motion.

In the top-left graph in Figure 3, all of the constraints havean equal weight. The
remaining graphs illustrate the influence of applying a higher weight to a single con-
straint. Although the optimal position appears to be in the centre of each search space,
this is primarily due to the manner in which the figures were generated. The movement
of the target and implementation of different constraints causes the optimal solution to
be located in various regions of the search space. Therefore, simply starting the search
from the mid-point of the search space is no guarantee of finding the optimal solution
quickly.

4.1 Exploiting Problem Structure

Based on the information obtained about the search space in the previous section, a
customized constraint solver was devised. An early versionof this solver is described
in [11]. The solver,Sliding Octree, is based on the octree spatial data structure shown
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Figure 4: The octree spatial data structure.

calculate camera facing and right vectors;
calculate initial domain size;
set centre of octree to current camera position;
while current pass less than maximum passesdo

configure octree nodes;
for each octree nodedo

evaluate octree node as potential solution;
if octree node cost less than best solution costthen

keep octree node as best solution;
end

end
reduce domain size by scaling factor;
slide direction = (best solution - octree centre);
new octree centre += slide direction * domain size;
increment pass count;

end
return best solution as new camera position;

Algorithm 1: The Sliding Octree solver.

in Figure 4.
In the sliding octree solver, the octree encapsulates the entire searchable domain.

This requires the domain to be cubic, with each axis having equal dimensions. The
centre point of each of the eight nodes of the octree is evaluated as a potential solution.
These nodes provide cost information for spatially diverseand consistent regions of the
search space.

Before the simulation starts, the initial camera position (frame 0) needs to be cal-
culated. This is done by explicitly solving all of the constraints to place the camera
at the most appropriate position. For example, the height ofthe camera is explicitly
set the desired value of the height constraint, with this process repeated for all of the
constraints. Once this initial position has been calculated, the constraint solver can be
executed to derive the optimal position according to the full constraint/weighting set.

The pseudo-code for the sliding octree solver is shown in Algorithm 1. The search
starts by generating an octree that encapsulates the entiredomain. The dimensions of
the domain (bounding box) for the search space is equivalentto the maximum distance
the camera can move in a single frame. The mid-point of each node is then evaluated
as a potential camera position. If any of the eight nodes are better (lower overall cost)
than our best known solution, we update the best known solution. At the end of each
pass, the octree is scaled down and slid towards the best known solution, to refine the
search around the optimal solution. This process is repeated for a preset number of
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Figure 5: The search tree for the sliding octree solver.

passes until the final camera position is determined. The newcamera position is then
tested against the environment for collision as a post-processing step (collision is not
part of the constraint solving process).

The resulting search behaviour starts coarsely, obtainingcost information about
sparse regions of the search space. As the search progresses, scaling the octree down
forces a more focused sampling of possible solutions. By sliding the octree towards the
best known solution, the focused portion of the search occurs in the region most likely
to contain the optimal solution. The octree slides towards the best known solution on
each pass, allowing the search to move and adapt to the increased information about
the optimal solutions as the search progresses. This results in the solver effectively
pruning large portions of the search space at the start of thesearch, while providing a
high resolution search in the region containing the optimalsolutions at the end of the
search.

The scaling factor of the octree and the number of passes are the parameters to the
solver. If the scaling factor is too large, the octree shrinks too quickly and large portions
of the search space may be missed. If the scaling factor is toosmall, the solver takes
significantly longer to converge on the optimal solution. A generally useful scaling
factor is to reduce the size of the octree by 25% on each pass.

If the number of passes is too small, the solver stops before converging on the
optimal solution. Although the number of required passes isapplication specific, a
general rule is to have three times the domain size for the number of passes (Equation
12).

passes = sizedomain ∗ 3 (12)

The sliding octree solver is in essence a best-first search, following the node with
the lowest solution cost at the end of each pass. There is always a fixed number of eval-
uations on each pass (eight), and the search continues to follow the best path towards
the solution.

In some instances it is beneficial to enumerate multiple solutions for a given frame.
This is typically used in cinematography systems, where a higher-level decision system
is responsible for selecting the best camera position from aset of candidate positions.
The search tree generated by the sliding octree solver is shown in Figure 5. The revised
search tree is more balanced than the original tree representation (Figure 2), with the
depth of the tree now equal to the number of passes of the solver. The increased depth
of the tree enables the application of backtracking heuristics to improve performance
when enumerating multiple solutions.

The pseudo-code for the backtracking sliding octree solveris shown in Algorithm
2. The major difference in this variation of the algorithm isthe maintenance of a list
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initialize and clear the ordered solution list;
calculate camera facing and right vectors;
calculate initial domain size;
set centre of octree to current camera position;
while current pass less than maximum passesdo

configure octree nodes;
evaluate octree nodes as potential solutions;
for each octree nodedo

insert pass number, node position, and node cost into ordered solution
list;
if octree node cost less than best solution costthen

keep octree node as best solution;
end

end
if all octree nodes cost more than best solutionthen

pop the next best solution from the ordered solution list;
backtrack the search to restart using next best solution;

end
reduce domain size by scaling factor;
slide direction = (best solution - octree centre);
new octree centre += slide direction * domain size;
increment pass count;

end
return best solution as new camera position;

Algorithm 2: The Backtracking Sliding Octree solver.

of solutions that are ordered by cost, with new optimal solutions added to the front of
the list. These solutions are used as restart points when thealgorithm backtracks (or
backjumps), and it is only necessary to store as many as necessary for the solver to run.
The determination of how far and when to backtrack has not yetbeen fully examined,
however the search termination condition must be clearly defined to prevent the search
turning into a systematic complete method.

4.2 Results

To evaluate the effectiveness of the sliding octree solver,a comparison study was con-
ducted using three different constraint solver methodologies over the same animation.
Each of the graphs in Figure 6 represents the movement distance made by the camera
each frame. The distance-per-frame metric provides a simple measure of movement
coherence without analysing the 3D movement graph of the camera through the en-
vironment. Large changes in movement distance between subsequent frames indicate
erratic and incoherent camera motion.

Figure 10 shows some sample screenshots of the animation, which consisted of
a single target moving through a dynamic environment. The constraints applied were
height, distance, orientation, frame-coherence and occlusion (described in Section 5.1).

The per-frame distance the camera moves through the environment over a given
sample animation is used as the testing criteria. Each solver is run over the same
animation using the same constraint parameters. All experiments were conducted on an
Athlon 2800+ with 1Gb of RAM, running Windows XP Service Pack2. The distance
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Figure 6: Visual results from each constraint solver.

Property Complete
Search

Local Search Sliding
Octree

Domain Size (per-axis) ±1.0 ±1.0 ±1.0
Resolution 0.0005 N/A N/A
Solutions Evaluated (per
frame)

64,000,000,0003,000 240

Average Time per Solu-
tion (secs)

2,655.50 0.00025 0.00002

Correlation Value (r) 1.0 0.987176 0.999784
Passes N/A N/A 30
Scale Factor N/A N/A 0.75

Table 2: Configuration and results of the revised solver tests.

the camera moves each frame is recorded, with the results shown in Figure 6.
The graphs in Figure 6 demonstrate the distance the camera moved per-frame over

the sample animation. The left graph shows the movement properties generated by
the generate-and-test solver, and represents the optimal graph for camera motion. The
middle graph shows the movement of the local search algorithm. The amount of jumpi-
ness is due to the randomized nature of the search. This solver is capable of producing
reasonable visual quality with real-time computational performance.

The right graph shows the movement generated by the sliding octree solver. The
shape of the graph closely matches that of the generate-and-test method. This demon-
strates that the sliding octree solver is able to generate comparable visual quality to
the generate-and-test method, while achieving faster performance than the local search
algorithm. The configuration and results of the solvers is shown in Table 2. The com-
putational time demonstrates the real-time efficiency of the sliding octree solver in
comparison to the other methods.

The correlation value represents how closely the movement graphs match. Corre-
lation values of 1.0 represent a perfect correlation (same graph), whereas correlation
values of 0.0 represent no correlation. The correlation value confirms that the sliding
octree solver generates comparable visual results (0.999784) to the complete method.

Differences in the constraint representation, implementations, environments, and
capabilities make it impossible to fairly compare our camera system against existing
works. The only comparable constraint solver that exploitsthe spatial nature of the
problem is the recursive grid solver by Bares et al. [2]. Our sliding octree solver is
able to find the solution within 240 evaluations (8 nodes per-pass, 30 passes), while
the Bares et al. recursive grid solver requires 729 evaluations on the first pass (grid
size of 9x9x9). The recursive grid solver considers more parameters (such as field-of-
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Figure 7: The four rays that are cast through the environmentto extract occlusion
information.

view) and potentially larger regions of space, whereas our constraint representation is
simplified for application in IDE.

5 Extended Functionality with Constraints

The previous sections described a weighted CSP framework for camera control, along
with some simple spatial constraints. The capabilities of the camera system can be
easily extended by introducing new constraints. The elegance of the CSP framework
allows these new capabilities (constraints) to be added without modifying the optimized
constraint solver. The only requirement on new constraintsis that they return a degree
of satisfaction for use in the weighted CSP framework.

To demonstrate how these extensions are applied, they are described in relation to
a sample game. The purpose of this game is to find lost treasurein the valley, and
involves the player negotiating hazards that are specifically designed to stress-test the
camera system. Additional characters are available for interaction, and the player can
also eavesdrop on three characters discussing their plot tostart a war (demonstrating
cinematics).

5.1 Occlusion Avoidance

One of the most critical abilities of an autonomous camera ismaintaining a clear line-
of-sight between the camera and its target. Maintaining this line-of-sight is a difficult
problem, due to the dynamic and interactive nature of virtual environments for IDE.
The camera system must react quickly to dynamic objects thatocclude the users view.
This is achieved by introducing a newocclusionconstraint.

In order to avoid potential occlusions, the location of occluders in the environment
must be efficiently determined. Figure 7 shows the four rays that are cast into the en-
vironment from the target to determine occlusion on each frame. Their arrangement
(top, bottom, left, right) is designed to obtain information about the environment im-
mediately surrounding the camera and target, although any arrangement or number of
rays can be used. If any of the rays intersect with a part of theenvironment (world
geometry), then the camera has a risk of occlusion.

This method does not build an explicit detailed occlusion map, instead provid-
ing indications of potential occluders that may impede the line-of-sight to the target.
Dense environments filled with small occluders may require the use of more rays to
build determine the potential for occlusion. Using this potential occlusion information,
adjustments to the camera position can be instigated beforethe occluder blocks the
line-of-sight to the target.
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Figure 8: The manipulation of the cost surface by the occlusion constraint.

When a ray is flagged as occluded, the occlusion constraint makes potential posi-
tions close to the occluded ray more expensive in terms of solution cost. By making
these positions more expensive, the constraint solver is less likely to select them as the
camera position for the current frame, thereby avoiding occlusions. Figure 8 shows an
example of how the solution cost is manipulated to avoid potential occlusions. The left
figure shows a typical cost surface (viewed from above) with no occlusion, where the
optimal position is in the centre of the search space.

The right figure demonstrates the addition of an occluded that would be detected
by an intersection with the left ray (Figure 8). The resulting cost surface shows that
solutions that are closer to the occluder, and therefore in danger of being occluded, are
more expensive in terms of solution cost. The occlusion constraint evaluation is shown
in Equation 13.

occlusioncost = distance(cameraposition, rayintersection) ∗ occlusionweight (13)

wherecameraposition is the potential camera position, andrayintersection is the
world coordinates position of the ray intersection with theenvironment. The function
distance returns the planar distance.

The necessary use of planar distance calculations is shown in Figure 9. In the left
figure, a top-down view of the Euclidean distance calculation is shown. In this case,
even though the potential position lies in an occluded position, the distance calculation
fails to weight the position correctly. This can lead to situations where the camera
position is occluded, despite the rays flagging potential occlusions. The equivalent
planar distance calculation is shown in the right figure. Solutions that are in-line with
the occluded position (determined by the evaluation plane), are equally distant from the
plane regardless of their Z axis values. This generates the expected camera behaviour.

As the occlusion constraint is weighted, it works in conjunction with the other
constraints evaluated by the camera system. This allows theocclusion constraint to be
violated as necessary by the spatial constraints. The weights applied to each constraint
determine the characteristic behaviour of the camera when making a trade-off between
conflicting constraints.
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Figure 9: Spherical versus Planar distance calculations.

Therefore, the movement of the camera to avoid occlusion canbe controlled by
manipulating the weight of the occlusion constraint in relation to the weights of the
spatial constraints. In some situations, the occlusion constraint can causethrashing.
This occurs when the intersection between a ray and the environment toggles between
consecutive frames. To alleviate this problem, the frame-coherence constraint can be
assigned a higher weight, eliminating the small thrashing movements.

5.1.1 Occlusion Scenario #1

In this scenario, the character is forced to walk through a low tunnel (Figure 10 top-
left). Due to the height of the camera, its view will become occluded unless it adjusts
its height. The top ray becomes occluded, causing the camerato reduce its height until
the occlusion risk (ray intersection) is removed. At this point, the camera maintains an
appropriate height (no occlusion) until the character is free from the obstacle (Figure 10
top-right). This is a simple and very common scenario in third-person games, however
as environment complexity increases, so does the risk of occlusion.

5.1.2 Occlusion Scenario #2

In this scenario, the character is moving through a very cramped room, with very little
room for the camera to move up/down, left or right. There is really no suitable camera
position to resolve the desired constraints, so the use of asafety pointis employed.
This point provides a catch-all camera position that is unlikely to encounter occlusion.
As such, it is usually positioned quite close to the character, to reduce the chances of
occlusion. When all of the rays are occluded (Figure 10 bottom-right), the occlusion
constraint attempts to move to the safety point to resolve the occlusion. The cost of
the solution is reduced the closer the camera is to this point. Once some (or all) of the
occlusion problems are resolved, the camera returns to satisfying its constraints (Figure
10 bottom-left).

The use of the safety point allows the camera to handle complex and cramped
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Figure 10: Demonstration of occlusion avoidance behaviour.

environments, while providing suitable camera positions.This allows the simple oc-
clusion evaluation technique to be employed, reducing system complexity (and test-
ing/debugging time). An example is the requirement that thecamera will attempt to
follow the character through a window. While doing so, it is likely that the occlusion
rays will all become occluded, luring the camera to the safety point. This effectively
draws the camera through the window, maintaining visibility of the character at all
times.

5.2 Multiple-Target Visualization

In interactive digital entertainment, the main character must interact with environmen-
tal objects, non-player characters (NPCs), or other external entities. It is often impor-
tant that the user is able to visualize these objects as well as their character in order
to maintain the spatial relationships between them. By having the camera subtly move
the viewpoint in the general direction of the other objects of interest, the camera can
assist the user in their goals.

When visualizing multiple targets, an alternative viewpoint calculation method is
to use a weighted average calculation. A new viewpoint position is calculated based
on a weighted average between the primary target and any additional targets in the
environment. Each target is assigned weight indicating itspreference to be in the centre
of the resulting camera view. The players avatar is assigneda higher weight to indicate
that it should be the focus.

The viewpoint position is recalculated each frame, so additional targets can be dy-
namic, or added and removed on a per-frame basis. The viewpoint is interpolated
using an ease-in/ease-out method [30], allowing the viewpoint to smoothly transition
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Figure 11: Example state transitions between camera profiles and the resulting visual-
isation.

between the current and desired positions.
Determining which targets the user is interested in viewingis a large challenge,

which is often domain specific (Yee and Arabian provide some guidelines in [33]). A
simple method that works well in a general case is to add any target to the target list
using thehalf-distance rule. This rule allows any object to be evaluated by the camera
if it enters within a proximity (radius) of the primary target. The radius of the proximity
is half the value of the distance constraint desired value.

The weighted average viewpoint method works in conjunctionwith camera profiles
to provide the camera with cinematic capabilities.

5.3 Cinematography and Replays

A camera profile defines the configuration for a givenstateof the camera, similar to
a camera module in [18, 20, 19]. The camera profile includes the constraint values
and weights, and also a list of which constraints are to be evaluated by the constraint
solver. Suitable camera profiles can be derived automatically to reproduce an example
animation [10]. The camera profile is the interface between the camera system and the
artist/designer who is tasked with defining the camera behaviours. This abstracts a lot
of the technical and low-level configuration of the constraint solver from the interface.

Camera profiles can be switched dynamically during the simulation, allowing con-
straints to be toggled on/off over time. The constraint values and weights can be
changed between evaluation frames without detriment to thecamera motion. The
constraint solver implicitly interpolates the camera position, moving according to the
weights as specified in the newly instantiated profile. This removes the need for ex-
plicit interpolation of camera properties for transition effects. The frame-coherence
constraint ensures that the camera motion is smooth during the interpolation to the new
profile.

The location of the camera viewpoint needs to be calculated differently for cinemat-
ics. It is calculated as a weighted average between the positions of the actors involved
in the scene, with the currently speaking actor assigned a higher weight. For mono-
logues with a single actor, the viewpoint location is synchronised to the actor position.
The line-of-action (the line between two interacting actors) is used as thefacingvector
for alignment with the orientation constraint.

To simplify the specification of cinematic or replay sequences, a finite-state-machine
based method of camera profile switching is used. This approach is similar to the
module-based approach in [19] and the hierarchical finite-state-machine approach in
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[32]. In our approach the camera states are not hierarchically organized (left side of
Figure 11).

Each state represents a camera profile, whose properties dictate the replication of a
desired shot type. Cinematic (or replay) rules are encoded for the entry/exit conditions
of each state. This allows cinematography rules and conventions to be naturally and
concisely specified. Each state uses a set of rules to determine possible state transitions
and shot durations. For event-based transitioning, scripting systems that respond to
in-game triggers can be used to force a state transition in relation to events occurring
in the environment.

State transitions immediately change the active camera profile being used by the
constraint solver. The natural interpolation performed bythe solver can be used as
the visual transition, or immediate camera state changes (acut) can be used. The
camera performs coherent movement and effectively avoids occlusions as defined by
the camera profile associated with the current state.

Although the basic constraint set (height, distance, orientation, frame-coherence,
and occlusion), combined with the concept of profiles provides some flexibility in
viewing definitions, it is not be sufficient for all cinematicrequirements. In these
cases, it is necessary to derive new constraints that specifically fulfill these require-
ments. Hawkins provides a number of suitable constraints that can be adapted for use
in our camera framework in [25].

5.3.1 Cinematic Scenario

To demonstrate the cinematic capabilities of our approach,the player can listen in to a
scene in which three characters are discussing how to start awar. Each character has
dialog, with some characters delivering extended monologues. The state machine used
to visualise this scene is shown in the left side of Figure 11.

Screenshots from the scene are shown in the right side of Figure 11. The top-left
figure demonstrate the establishing shot used at the start ofthe scene, enabling the
viewer to spatially recognise each characters position. The top-right figure shows a
close-up view of a character delivering a monologue. The bottom figures demonstrate
a two-shot, where one character is directly addressing another.

The transitions of the camera from speakers to listeners, and between the different
shots is believable. A more detailed state-machine would provide for more variance in
the way the scene is visualized. The transitions between cinematic shots is done using
camera cuts, with some panning during shots provided automatically by the camera as
the conversation continues. All of the shots are configured using the base constraints.

6 Discussion

By visualizing and analyzing the search space, the development of a specialized and
efficient solver technique for camera control was possible.The sliding octree solver
shares similar characteristics to the recursive grid solver [2] and the semantic space
partitioning approach of [16], by exploiting the spatial nature of the problem. In the
recursive grid solver, the best candidate position per-pass is used as the centre point
of a refined search. Many candidate positions must be evaluated in the early passes to
ensure the higher resolution search (with fewer candidate positions) is performed in the
region containing the optimal solution. With the sliding octree solver, the octree slides
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towards the best found solution (since the search started, not per-pass) over a larger
number of passes with fewer evaluations per-pass.

By conducting the search over more passes with smaller movements through the
search space, the sliding octree algorithm is less susceptible to missing optimal solu-
tions that don’t exist within the immediate vicinity of the sample points in the early
passes. In order for the recursive grid solver (in the form described in [2]) to attain
the same robustness, many more sample points per-pass are required, which increases
the number of positions evaluated throughout the search. Using an example from [2],
using a 9x9x9 grid on a first pass requires a total of 729 evaluations before moving to
the refinement passes. This is in comparison to the total of 240 evaluations required by
the sliding octree solver to find the final camera position (Table 2).

Constraints can be added to expand the capabilities of the camera, as demonstrated
by the introduction of the occlusion constraint. The addition of new constraints to the
camera system does not require the constraint solver to be modified, so the efficient
sliding octree solver can be applied regardless of the constraints in use. The only
requirement on the introduction of new constraints is that they return a measure of
satisfaction.

Camera control systems designed specifically for IDE [23] rely upon predictive
systems to maintain coherent camera motion over time. The reliance on predictive
techniques has the drawback of the cost of prediction (in both computational time and
implementation complexity), and also restricts the reliability of the camera system to
that of the predictive system. The reactive design of our camera system is preferable
due to its flexibility, however initial tests demonstrated it could be prone to incoherent
motion. The use of the frame-coherence constraint eliminates this problem.

The reactive design allows the camera to be used in highly dynamic and interactive
environments. In comparison to predictive camera systems,with our reactive design
the environment can be totally changed between evaluation frames without detriment
to the camera’s operation.

The weighted constraint satisfaction framework demonstrated the decoupling of
the spatial camera properties (constraint values), and thecamera movement properties
(constraint weights). In contrast to the weighted framework described by Bares et al
[5], our representation does not have the concept ofhard constraints. Each constraint
is susceptible to violation as necessary, however setting asufficiently high weight can
effectively create a hard constraint. This feature enablesthe camera to recover from
over-constrained situations without the need for a specialized recovery strategy. By
carefully manipulating the constraint weights, excellentcontrol over the camera motion
can be accomplished.

The set of constraint values and weights are grouped into camera profiles, which are
similar to the camera modules described by Drucker [18, 20, 19]. Each camera profile
defines the camera properties for a given period of time. These profiles can be switched
arbitrarily at run-time, with the constraint solver interpolating between the old and new
camera profiles automatically. Camera profiles provide a convenient correlation to
states in cinematography, making the specification of cinematics a process of defining
sequences of camera profiles.

The application of cinematography to IDE was not the primaryfocus of this re-
search. Although the finite-state-machine cinematic system described in Section 5.3
is usable, there are more effective cinematography solutions (discussed in Section 2).
The techniques described in this paper deal with the low-level problem of finding suit-
able camera positions to satisfy viewing criteria through constraints. For cinematic
purposes, a higher-level framework is often preferred. We view our work as compli-
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mentary to higher-level automated cinematography research, by allowing such systems
to be built upon a flexible and reliable constraint-based camera system.

The camera system described in this paper achieved the requirements of an au-
tonomous camera system for IDE (Section 1.1):

• Real-time. Our results (Table 2) demonstrate an average evaluation time of
0.0002 seconds/frame.

• Competent. The combination of all of the constraints demonstrate the compe-
tence of the camera, as described in the scenarios in Section5.1.

• Extendable. The nature of constraint-based approaches allows extendability
through the introduction of new constraints.

• Dynamic. The reactive design of our camera system allows the environment
and targets to be fully dynamic, without unnecessary pre-planning or inter-frame
dependencies.

• Environment independence. All environmental information (occlusion data)
is determined reactively by the camera system per-frame, and can operate in
arbitrary environments with no prior knowledge of the environment structure.

• Ease of implementation. The camera does not use any pre-determined informa-
tion about the environment, and obtains relevant information reactively at run-
time.

• Cinematic. The combined use of constraints and a finite-state-machine approach
allow cinematics to be accomplished, as described in the scenario in Section 5.3.

7 Conclusion

This paper has described a novel application of constraint satisfaction to address the
outstanding and difficult practical problem of autonomous camera control for interac-
tive digital entertainment. The state-of-the-art in constraint-based camera systems was
surveyed, and provided a foundation for the design of a reactive, weighted constraint-
satisfaction based camera system. An analysis of the searchspace for the problem
domain led to the development of an optimized constraint solver for this particular rep-
resentation. The flexibility of the camera system design wasillustrated by adding new
capabilities through additional constraints.

Extensions to the camera system that provide suitable control for complex cine-
matography and replay requirements was described. The extensions were combined
with a state-based architecture for specifying cinematic knowledge to be applied in
real-time.

7.1 Future Research

There are several directions for future research based on this work. An empirical study
to determine the optimal parameters for scaling and slidingof the sliding octree solver
can prove valuable. The derivation of specialized heuristics for the backjumping variant
of the solver can provide significant performance improvements when enumerating
multiple solutions. Dynamically determining the mood of the scene for use by the
cinematography system, and applying this knowledge to transition between suitable
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camera profiles remains an open research problem. Switchingcamera profiles can lead
to choppy transitions, so further refinements to profiles transitioning would improve
the cinematic capabilities of the camera.

The differences between camera system representations makes it difficult to effec-
tively evaluate new camera control methodologies. The creation of a standard set of
problems, visualization capabilities, and standard implementations would benefit the
research area significantly. A consistent set of criteria used to measure improvements
in camera control techniques will make advances in this areaeasier to judge. Detailed
user testing of the camera system in different IDE environments will provide conclusive
proof of the effectiveness of our solution.
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terval Constraint Solving for Camera Control and Motion Planning.ACM Trans-
actions on Computational Logic, 5(4):732–767, October 2004.

[7] Nick Bobick. Rotating Objects Using Quaternions.
http://www.gamasutra.com/features/19980703/quaternions01.htm, July 3
1998.

[8] Owen Bourne and Abdul Sattar. Applying Constraint Satisfaction Techniques to
3D Camera Control. In Geoffrey I. Webb and Xinghuo Yu, editors,Proceedings
of 17th Australian Joint Conference on Artificial Intelligence, pages 658–669,
Cairns, Australia, December 4-6 2004. Springer.

[9] Owen Bourne and Abdul Sattar. Applying Constraint Weighting to Autonomous
Camera Control. InProceedings of The First Artificial Intelligence and Interac-
tive Digital Entertainment Conference, pages 3–8, Marina Del Ray, CA, USA,
June 1-3 2005. AAAI Press.

24



 1 
 2 
 3 
 4 
 5 
 6 
 7 
 8 
 9 
10 
11 
12 
13 
14 
15 
16 
17 
18 
19 
20 
21 
22 
23 
24 
25 
26 
27 
28 
29 
30 
31 
32 
33 
34 
35 
36 
37 
38 
39 
40 
41 
42 
43 
44 
45 
46 
47 
48 
49 
50 
51 
52 
53 
54 
55 
56 
57 
58 
59 
60 
61 
62 
63 
64 
65 

[10] Owen Bourne and Abdul Sattar. Evolving Behaviours for aReal-Time Au-
tonomous Camera. In Yusuf Pisan, editor,Proceedings of 2nd Australasian Con-
ference on Interactive Entertainment, pages 27–33, Sydney, Australia, November
23-25 2005.

[11] Owen Bourne and Abdul Sattar. Autonomous Camera Control with Constraint
Satisfaction Methods. In Steve Rabin, editor,AI Game Programming Wisdom 3,
pages 173–187. Charles River Media, March 2006.

[12] Phil Carlisle. An AI Approach to Creating an Intelligent Camera System. In
Steve Rabin, editor,AI Game Programming Wisdom 2, pages 179–185. Charles
River Media, December 1 2003.
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