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Figure 1: From a sequence of 2D silhouette images, our shadow theatre system generates animated characters, of which projection on the
screen matches well with the target shapes. Our approach is applicable to various shapes such as an elephant (yellow), a rabbit (green), a
car (red), and a violin (blue).

Abstract

Shadow theatre is a genre of performance art in which the actors
are only visible as shadows projected on the screen. The goal of
this study is to generate animated characters, the shadows of which
match a sequence of target silhouettes. This poses several chal-
lenges. The motion of multiple characters are carefully coordinated
to form a target silhouette on the screen, and each character’s pose
should be stable, balanced, and plausible. The resulting character
animation should be smooth and coherent spatially and temporally.
We formulate the problem as nonlinear constrained optimization
with objectives, which were designed to generate plausible human
motions. Our optimization algorithm was primarily inspired by the
heuristic strategies of professional shadow theatre actors. Their
know-how was studied and then incorporated into our optimiza-
tion formulation. We demonstrate the effectiveness of our approach
with a variety of target silhouettes and 3D fabrication of the results.
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1 Introduction

Shadow theatre is a genre of performance art that delivers stories in
a visual form. What makes it different form other genres is that
it utilizes shadows as the only medium of communication. Be-
cause audiences can only see the shadows created by the actors on
a screen, this stimulates their imaginations regarding what is hap-
pening behind the scene. As a result, the audience is immersed in
the performance. Although puppets and human hands have been
the primary objects used to compose these shadows, several perfor-
mance teams have created their work using the whole bodies over
recent years. Modern lighting technologies have enabled larger
stage areas to be exploited for full-body shadow plays, which may
raise the level of immersion.

The aim of this study is to reproduce scenes from shadow theatre
performances in an automatic manner. Given a sequence of shadow
images or silhouettes, we would like to generate the motion of an-
imated 3D characters that cast shadows matching the target. The
settings used in state-of-the-art performances, where multiple ac-
tors and environments such as props and platforms come on the
scene, are also considered. Using the proposed system, the user can
explore plausible and creative poses not only for the shapes already
used in modern performances but also for new shapes that have not
yet been exploited. The system can also be used to model articu-
lated sculptures for the purpose of shadow art.

The basic components that generate shadows during a performance
are the light source, the screen, and the actors. If the relative posi-
tions and orientations are selected for the components, the shadows
on the screen are determined accordingly. The light and screen are
usually fixed, whereas the actors move around the stage. There-
fore, coordination between the actors and their poses in the spatio-
temporal domain are key elements in constructing the scene. How-
ever, there are several challenges to be addressed. The first chal-
lenge is that certain target shapes require multiple actors to pose
collaboratively while coordinating their shadows carefully. The
second challenge is the completeness of the resulting shadows, i.e.,
not only should the outlines of the shadows match the target shape
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Figure 2: Shadow generation process. Skeletal motions M1(t),M2(t), · · · ,MN (t), their neutral body meshes and skinning method
Θ generate animated body meshes B1(t),B2(t), · · · ,BN (t). Given a stage with a light source l and a screen P , their shadows
S1(t),S2(t), · · · ,SN (t) are generated and the final result on the screen is shown as a sum of those shadows.

but the internal area should also be filled completely. The third chal-
lenge is to ensure spatio-temporal coherence of the actors’ motions
such that smooth target animations can be created. The last chal-
lenge is incorporating the nontrivial constraints existing in actual
performances (e.g., collisions between actors, physical plausibility
of the resultant motions, limited stage area).

The problem is high-dimensional and inherently ill-posed. We for-
mulated it as a nonlinear constrained optimization problem with ob-
jectives. The formulation of the objectives was inspired by how pro-
fessional actors train themselves and perform on stage. We found
that they have heuristic strategies, which facilitate our optimization
effectively and thus make it feasible. We will demonstrate the ef-
fectiveness of our approach with a variety of target silhouettes and
animations. The results are further validated by means of 3D fabri-
cation.

2 Related Work

Our work was inspired by the performances of several shadow the-
atre groups [Attraction ; Fireflies ; Magicplay ; SilhouetteSquad ].
A performance typically consists one theme, and it is 2 to 10 min-
utes long with 20 to 50 scenes. Each scene shows multiple actors,
props, and backgrounds. The objects in a scene range from simple
ones (e.g., rocks, trees, chairs) formed by a single actor to complex
ones (e.g. flowers, elephants, castles) formed by two or more actors.
Viewers cannot easily imagine the actors’ original poses even for
simple objects, and this is the most appealing part of shadow the-
atre. The origin of shadow theatre goes back to traditional shadow
plays, where puppets or human hands were used. Until the 20th
century, these shows were performed on a relatively small scale
due to the lack of lighting technology. Performance groups includ-
ing those listed above were formed in the early 2000s in alignment
with the advances in technology. These groups are interested in
using their entire bodies because it provides a more energetic and
delicate feeling, which is difficult to impart using only puppets or
hands.

Shadows have long been a key research topic in the computer
graphics community because they lend realism and hint at spatial
relationships among objects. Many researchers have extensively
investigated the rapid and realistic generation of shadows. Crow
et al. [1977] proposed the shadow volume technique, which syn-
thesizes shadows by computing cones that enclose a light source
and objects. Williams et al. [1978] introduced shadow mapping,
which utilizes both pre-rendered depth information obtained from a
light source view and a transformation from the light source to the
original camera, with this result later used to determine areas of oc-

clusion. These are for local illumination models and the current de
facto techniques in real-time graphics applications. For global illu-
mination methods (e.g., ray-tracing, photon mapping, or radiosity),
an additional process is not required since its illumination model al-
ready reflects the shadow effect [Appel 1968; Whitted 1980; Goral
et al. 1984; Jensen 1996].

Shadows for artistic purpose have also been studied. Pellacini et
al. [2002] created an interface for placing shadows as user require-
ments, where the lights or objects are replaced accordingly. Kry et
al. [2002] demonstrated an animated hand based shadow puppets by
using glove sensors and their real-time skinning technique. Mitra et
al. [2009] proposed a tool for sculpting 3D geometries with mean-
ingful shapes when projected onto several non-orthogonal planes,
while Bermano et al. [2012] exploited self-shadowing effects to put
multiple images into one 3D printed picture, which can be viewed
when different light sources are turned on. Mattausch et al. [2013]
directly manipulated rendered shadows and applied the edited re-
sults in subsequent scene rendering.

The methods for synthesizing collages or mosaics are also relevant
to our work from the perspective that the resultant shadow is a col-
lage of shadows made by human bodies. Hausner et al. [2001]
created a decorative mosaicking algorithm by placing tiles along
user-selected edge features based on a direction field. Collages in
non-image domains have also been studied. Gal et al. [2007] mod-
eled expressive 3D characters using primitive 3D models. Kim et
al. [2012] synthesized crowd scenes by tiling motion patches that
are primitive motion units in the scenes.

There have been many previous approaches which estimated hu-
man poses from 2D information (e.g., silhouettes, binary images,
sketches). One common approach is to construct a mapping func-
tion from 2D information into original 3D poses using human mo-
tion databases [Lee et al. 2002; Agarwal and Triggs 2004; Poppe
and Poel 2006; Poppe 2007; Ek et al. 2008; Shotton et al. 2013].
Another class of approaches is directly extracting poses by mini-
mizing the visual differences between given 2D inputs and the pro-
jection of estimated 3D poses [Sminchisescu and Telea 2002; Davis
et al. 2003; Jain et al. 2009; Guan et al. 2009; Wei and Chai 2011;
Lin et al. 2012; Ramakrishna et al. 2012; Guay et al. 2013]. Our
work is more closely aligned to the second approach, but a key dif-
ference is that their input shadows resemble humans, whereas ours
do not. Our inputs could be anything other than humans; thus, the
estimated poses are often uncommon and acrobatic.



Figure 3: Experiments with professional actors. We provided tar-
get shapes and recorded how they pose to cast a matching shadow.
Here, two actors initially shaped an outline of a triangle and an-
other one crouching at the front filled the remaining holes inside.

3 The Shadow Theatre Problem

A scene in shadow theatre is composed of a set S = S1 ∪ S2 ∪
· · · ∪ SN of N actors’ shadows on screen plane P = (n, d), where
n ∈ R3 and d ∈ R are the normal vector and a constant respec-
tively, of the plane (see Figure 2). Each actor’s shadow Sn is de-
termined by its original body shape Bn in the 3D space and the
projection function Φ : Bn → Sn, which is defined using a point
light source l ∈ R3. The body shape Bn is derived from a 3D
skeletal posture Mn = (v0,q0,q1, · · · ,qM ) and a mesh skin-
ning function Θ : Mn → Bn, where v0 ∈ R3 and q0 ∈ S3 are
the position and orientation of the root joint respectively, qm ∈ S3

for m > 0 is the relative orientation of joint m with respect to its
parent joint, and Θ is a linear skinning model. The input to our
system is a target shadow T , which is represented as a binary im-
age. The output of the system is a set of N actors’ full-body poses
{M1,M2, · · · ,MN} that projects shadows S1 ∪ · · · ∪ SN on the
screen matching the target shadow. The problem generalizes easily
to take a sequence of target shapes (2D shadow animation) as input
and produce a coordinated animation of N actors (3D animation of
full-body characters).

Approaches of Professional Actors: Discovering 3D full-body
poses from a 2D target shape is an inherently ill-posed problem.
Many different sets of poses can generate similar shapes when pro-
jected onto a screen. The number of unknown variables to be deter-
mined is large (N for actors ×M for joints × T for time frames);
the sum exceeds one thousand, even for a few seconds of perfor-
mance. Moreover, the process from M to S is highly non-linear
and non-intuitive because it is a composition of kinematics, skin-
ning, and projection functions. Therefore, naive approaches such
as trial and error or exhaustive search are almost impractical. In
order to manage these difficulties, we recorded the training session
of professional actors to understand how they pose to match the
target shapes we provided (see Figure 3). Through the training ses-
sion, we learned that they have heuristic yet effective strategies, as
summarized below.

Strategy 1 (Principal poses). Given an animation of target shapes,
they first determine a representative shape at a time frame,
for which they pose to cast shadows. The poses that generate
the representative shape are called principal poses. The full
character animation is generated by adapting principal poses
gradually over the other frames.

Strategy 2 (Distinctive features). The actors have extensive prior

Figure 4: Contour and coverage differences. (a) The contour-
related terms are computed between points sampled on one contour
and their closest points on the other contour. (b) The coverage
terms minimize the mutual subtraction of the shape areas. (S \ T )
and (T \ S) are shown in red and green, respectively.

knowledge about which body parts match particular features
(e.g., a snout and ears for a rabbit, a trunk and ears for an ele-
phant) in the target shape. For example, they tend to use el-
bows and knees to match sharp angles and vertebral or gluteal-
femoral areas to match round curves.

Strategy 3 (View direction). The actors should be capable of look-
ing at the screen while posing in performances. Since shadow
performance requires delicate body control and adjustment
continuously, the constraint on viewing direction is crucial.

Strategy 4 (Balance). Balance and stability are also important is-
sues. If several poses are equally plausible for a target shadow,
more stable poses are preferred.

Strategy 5 (Scaling). Although the shadow cast by a point light
can be scaled easily by moving the actors between the light
and the screen, the size of the target shadow matters if the
stage area is limited. Actors use a simple rule stating that
fewer should join for smaller shapes and more should join for
larger shapes.

Strategy 6 (Minimal motion). Once principal poses at the repre-
sentative frame are determined, the actors adjust their poses
to track a sequence of animated target shapes continuously.
While doing so, they tend to minimize joint movements and
deviation from the principal poses. They typically do not
change their ground contact states while tracking a continu-
ous sequence in order to maintain their balance and stability.

4 Discovery of Principal Poses

Given a 2D target shape, we formulate the discovery of principal
poses as non-linear optimization of an energy function, which is
designed to reflect the heuristic strategies and stage constraints in
performances. The principal poses of N characters are computed
simultaneously in a single energy optimization.

argmin
M1,M2,··· ,MN

Econtour + Ecoverage + Ecoherence+

Evisible + Ephysics + Ehint

subject to al ≤ Γ(Mn) ≤ ah for n = 1, 2, ..., N.

(1)

Here, {M1,M2, · · · ,MN} denotes a set of full-body poses, Γ is
a joint angle measure function. ah and al are the upper and lower



bounds for all joints, respectively. We employed axial, conic, and
spherical constraints in the unit quaternion space to design the joint
measure function [Lee 2000]. The first term Econtour penalizes
visual differences between the resultant and target shadow contours
on the projection screen.

Econtour = w1

∑
i

‖pi − p′i‖2 + w2

∑
i

‖ni − n′i‖2+

w3

∑
i

‖κi − κ′i‖2
(2)

where pi is a point sampled on the contour of the target shape and
p′i is its closest point on the resultant shadow contour. ni and κi

are the normal and curvature at point pi, respectively.

The second term Ecoverage measures the area difference between
the resultant and the target shape (see Figure 4).

Ecoverage = w4(Area(T \ S) + Area(S \ T )) (3)

where S is the shadow of the characters, T is the target shape, and
\ represents the area difference operator on the 2D geometry. This
term is a supplement to the contour difference for shape matching,
and it also prevents unexpected holes inside the contour.

It is preferred in shadow performances for the shadow of each in-
dividual actor to adhere to a coherent sub-section of the target con-
tour, as being responsible for multiple, scattered sections is bur-
densome. The third term Ecoherence encourages the contour to be
divided into a small number of pieces such that the shadow of each
individual character corresponds to a few continuous pieces,

Ecoherence = w5

∑
i

CountIf(Whose(pi) 6= Whose(pi+1))

(4)
where Whose(pi) provides the index of an actor whose shadow is
closest to point pi. CountIf returns one if the argument is true, and
zero otherwise.

The fourth term Evisible favors poses with their viewing direction
towards the projection screen,

Evisible =

{
w6

∑
n ‖z− z′n‖2, if the cone reaches the screen

∞, otherwise
(5)

where z is the center of the screen and z′n is the closest point on a
viewing cone that approximates the visible volume of the n-th actor
(see Figure 5).

The fifth term Ephysics favors poses that are physically plausible.
Each character should be in contact with the floor, balanced, and
robust against external perturbations.

Ephysics = w7

∑
n

DistFloor(Bn)+

w8

∑
n

Area(SPn)+

w9

∑
n

Margin(SPn, COMn)+

w10

∑
n

∑
m

PtDepth(Bn,Bm)+

w11

∑
n

∑
k

PtDepth(Bn, Ek)

(6)

where DistFloor computes the minimum distance between the
body of an actor and the floor. SPn and COMn are the sup-
port polygon and center of mass projected on the ground of the

Figure 5: Visibility: The optimization minimizes the distance from
the center of the screen to the viewing cone.

n-th actor, respectively. The support margin (Margin), which is the
signed distance from COMn to the boundary of SPn, measures
the robustness of a statically-balanced posture. Additional terms
are used to deal with person-to-person and person-to-environment
(e.g., floor, screen and props) collisions. Bn is a skinned body mesh
and Ek is the geometry of an environment object. The penetration
depth (PtDepth) measures the degree of interpenetration between
objects. Note that PtDepth also measures the self-penetration depth
if the same object is given.

Ehint is a term which allows the user directly to interfere with the
optimization process. The user can exploit heuristic knowledge
with this term, as described in Strategy 2,

Ehint = w12

∑
i

min(‖hi − h′i1‖2, ..., ‖hi − h′ik‖2) (7)

where hi is a hint point on the target contour and h′ik is a matching
point on the character’s body. For example, hi is an ear tip of a
bunny shadow, and we may want to use a character’s elbow to match
the tip. Then, {h′i1, · · · ,h′ik} includes the right and left elbows of
all characters on the stage. Ehint attracts the closest elbow to the
hint point.

Optimization Algorithm. The CMA-ES [Hansen and Ostermeier
1996] was adopted to solve our optimization problem. Although
CMA-ES was shown to be a powerful nonlinear solver in many
previous studies, it often converges to sub-optimal solutions for
our problem due to its high-dimensionality and nonlinearity. Sub-
optimal solutions can cause visual artifacts, such as holes in shad-
ows and contour mismatches. Our optimization algorithm takes
CMA-ES as a basis and adds extra steps to escape from local ex-
trema. If CMA-ES converges to a solution and the residual energy
in equation 1 is above a user-specified threshold or visible artifacts
are present in the solution, the extra steps are activated to search for
better solutions based on two key ideas (see Figure 6).

The first idea is to exploit body parts that are completely occluded
by other body parts, other actors, or props. Such occluded body
parts do not contribute to forming shadow contours or filling holes
can thus be manipulated freely. Starting from individual end-
effectors, we check if the body part is completely occluded and
move on to its parent link to repeat. In this way, we can identify a
chain of completely occluded body parts sequentially. Re-running
the CMA-ES algorithm with only the occluded body chain, while
leaving the remaining parts fixed, may refine the solution. If there
is no such chain, the second idea is to reduce the dimensionality of



Figure 6: Refinement of principal poses. (a) All actors initially T-pose in a row. (b) CMA-ES generates poses with artifacts such as holes
and silhouette mismatches. The foremost actor’s left arm was completely occluded by the other body parts, so does not contribute forming
the shadow. (c) The local refinement steps moved the occluded arm to fill in the hole and matched the shadow contour more precisely.

the problem by selectively including degrees of freedom that may
contribute to removing visual artifacts immediately. To do so, the
body parts, of which shadows are contiguous to holes or contour
mismatches, are selected for the refinement. CMA-ES with reduced
degrees of freedom often converges to better solutions. If the refine-
ments are still unsatisfactory, the last resort is to add a new actor to
the scene. We add actors one-by-one and repeat the whole process
until the resultant principal poses are satisfactory.

5 Animating Principal Poses

In this section, we discuss how to deal with a series of target shad-
ows to generate character animation. Our algorithm follows the
strategies of professional actors; we first select a representative
frame for which the algorithm from the previous section generates
principal poses. The principal poses serve as an initial guess for
optimizing the poses at neighboring frames. This optimization pro-
cess propagates to neighboring frames until a full animation is gen-
erated. Without loss of generality, we assume that the representa-
tive frame is t0 and the optimization propagates forward to compute
poses at frames ti for i > 0.

Initial Configuration. Providing the optimization solver with a
good initial guess is important, particularly when the problem is
high-dimensional and nonlinear. We assume that the interiors of
the target shapes are triangulated into K pieces consistently (see
Algorithm 1). Let T i = T (ti) be a target shape at frame ti with
its interior triangulated. LetMi

n be a pose of the n-th character at
frame ti and M̂i

n be a long vector concatenating all joint positions
in the reference system. Applying the forward kinematics map to
Mi

n produces M̂i
n. The light source and the target shape at frame

ti forms a generalized cone Gi = Gi1∪· · ·∪GiK ofK tetrahedrons,
where each tetrahedron is composed of the light source and one of
the interior triangles in T i (see Figure 7). Then, any joint of a char-
acter is positioned in a tetrahedron, and its barycentric coordinates
in the tetrahedron specify the joint position in the generalized cone
Gi. Let C0

n be the barycentric coordinates of all joint positions of
principal poses M̂0

n with respect to generalized cone G0 (line 2–3).

For any T i, we would like to estimate the character’s poses roughly
with the initial barycentric coordinates C0

n with respect to general-
ized cone Gi at frame i (line 7). Any joint at frame t0 has a tetrahe-
dron G0k containing the joint and its barycentric coordinates. This

joint is mapped to a new position at frame ti, which is determined
using the barycentric coordinates in Gik. Given the joint estimates,
determining the poses at a new frame can be formulated as an in-
verse kinematics problem (line 8). We used a standard technique
based on damped Jacobian pseudo inverse and line minimization to
solve for inverse kinematics.

Algorithm 1 Adapting principal poses for new target shapes
t0 : representative frame
T i : target shape at frame ti
Gi : generalized cone at frame ti
Mi

n : the pose (joint configuration) of n-th character
M̂i

n : joint positions of n-th character
1: for n← 1, · · · , N do
2: M̂0

n ← ForwardKinematics
(
M0

n

)
3: C0

n ← BarycentricCoord
(
G0,M̂0

n

)
4: end for
5: for i← 1, · · · , T do
6: for n← 1, · · · , N do
7: M̂i

n ← BarycentricCoord−1
(
Gi, C0

n

)
8: Mi

n ← InverseKinematics
(
M̂i

n

)
9: end for

10: Mi ← Optimize
(
T i, {Mi

n}
)

11: end for

Optimization for Motion Generation. Once the poses at frame i
are estimated, the next step is to run optimization with those poses
as the initial configuration (line 10). The optimization process for
motion generation is similar to the one in the previous section ex-
cept that three additional energy terms (Esmooth,Eregul,Econtact)
are exploited. Esmooth ensures temporal coherence between frames
preventing jerky animation,

Esmooth = w13

∑
n

Diff(Mn(t− 1),Mn(t)), (8)

where the pose difference at two frames measures the discrepancy
of the root positions and the joint angles.

Diff(M(t1),M(t2)) = wv‖v0(t1)− v0(t2)‖2+∑
m

wq
m‖qm(t1)−1qm(t2)‖2. (9)



Table 1: Hint specifications and weight values. No hints were
provided for Triangle, Rectangle, Circle, Hat, Mountain, T-shirt ex-
amples. Weight values of w1 to w4 were adjusted, while the other
weights were fixed for all examples (w5 = 5.0, w6 = 0.1, w7 =
3.0, w8 = 0.001, w9 = 10.0, w10 = 0.04, w11 = 0.04, w12 =
0.25, w13 = 300.0, w14 = 40.0).

Here, ‖qm(t1)−1qm(t2)‖ is the geodesic distance between unit
quaternions qm(t1) and qm(t2). wv andwq

m weigh the significance
of individual degrees of freedom.

The regularization term Eregul prevents excessive deviations from
initial principal poses,

Eregul = w14

∑
n

Diff(Mn(t0),Mn(t)) (10)

where t0 is the index of the representative frame where the principal
poses are computed.

The contact term Econtact prevents contact changes in character
animation based on Strategy 6 thus, the initial contact states at the
representative frame remain unchanged throughout the optimiza-
tion process.

Econtact =
∑

j∈contact

w15‖cvj (t0)−cvj (t)‖2+w16‖cqj(t0)−1cqj(t)‖2

(11)
where cvj and cqj are the position and orientation, respectively, of
the j-th body part with respect to the reference system, if the body
part is in contact with the ground surface.

6 Results

In this section, we demonstrate our shadow generation algorithm
using various target silhouettes, their animations, and physical fab-
rications of the results (Figures 8–12). The target silhouettes in-
clude simple geometric shapes such as triangles, rectangles and cir-
cles of different sizes (see Figure 8), and complex figurative shapes
such as rabbits and elephants (see Figure 9). Hints and weight val-
ues for all examples are summarized in Table 1.

Since CMA-ES is based on stochastic sampling, optimization
would converge to different solutions with different random seeds

Table 2: Runtime performance. The computation time is measured
in minutes.

even if the algorithm begins with the same initial configuration.
Therefore, we select the best result among multiple optimization
trials. The population size of CMA-ES is λ = 40. The optimiza-
tion at each trial converges within one thousand iterations for sim-
ple shapes and within two thousand iterations for complex shapes.
Only a few hundred iterations are sufficient for animation genera-
tion because there is strong frame-to-frame coherence.

The algorithm runs on a desktop PC equipped with an Intel Core
i7 4790K (4 cores, 4.0GHz) and NVIDIA GeForce GTX 480. Ta-
ble 2 presents the performance statistics. The table shows expected
trials until we get one satisfactory result. If the expected trials is
3, one out of three results is satisfactory. The notion of satisfaction
is admittedly subjective and dependent on our artistic sense. Our
criteria include two measures. First, the result should be recogniz-
able as was intended. For example, an elephant’s silhouette should
be recognizable as an elephant for any viewer. Second, the result
should reproduce the key features of the target silhouette. To dis-
cover the principal poses, our algorithm can find plausible solutions
for most of our examples within a few trials and 5 to 20 minutes of
computation except for several challenging examples. The rabbit
in Figure 9 is the most difficult, requiring dozens of trials until a
satisfactory result is obtained and 4 hours of computation time. Al-
though the time complexity is basically proportional to the number
of characters and the number of key features in the target shape,
there are other factors that may affect the computation time signif-
icantly. For example, the inverted triangle has a wide horizontal
span at the top and narrow support at the bottom, which makes it
difficult to find balanced stable poses. The silhouette of the t-shirt
in Figure 9 is simpler than those of the elephant and the car, but the
t-shirt requires more computation time since it has narrow support,
which makes the characters pose acrobatically. To generate anima-
tions, only one trial is enough for each key frame because we start
the adaptation process with plausible initial poses. It takes 50 to 125
minutes to generate entire animations, and computation time for a
single optimization is reduced as compared to discovering principal
poses due to its fast convergence.

Implementation Details. The implementation of the system in-
cludes many technical components and acceleration techniques. An
open source game engine [OGRE ] was used to implement charac-



(a) (b) (c)

Figure 7: Motion generation. (a) The principal poses at the representative frame. The rays from the light source form a generalized cone
with its base matching the target silhouette. (b–c) adapting the principle poses to similar target shapes. The poses change smoothly and
coherently across frames.

ter skinning and shadow rendering. The built-in shader functional-
ity of the engine was modified to color-code the pixels in the shad-
ows by character identifiers. In order to compute the penetration
depth efficiently, we approximate the 3D character’s body volume
using spheres. The Econtact term requires CMA-ES to solve in-
verse kinematics as a part of a big stochastic optimization. We de-
couple inverse kinematics from the optimization and run a standard
inverse kinematics solver for every CMA-ES sample to manage the
contact term separately.

Animation. Beginning with a 2D silhouette, we used a shape ma-
nipulation technique [Igarashi et al. 2005] to generate 2D shadow
animation (see Figure 12 and the supplemental video). For the
rabbit and elephant examples, the target animations were designed
to have large movements of their perceptual features. The rabbit
moved its ears back and forth while lowering its head. The ele-
phant raised its trunk as if trumpeting. For the car example, we
choreographed a scene with a person driving a car, which is jerking
up and down.

3D Fabrication. We 3D-printed principle poses using an Object
24 printer (see Figure 11). The mesh of a resultant pose requires
post-processing steps to be fed into the 3D printer. We remove the
self-collision of the mesh, which is an artifact of linear skinning
deformation. We also reinforce fragile support between the char-
acter’s feet and the ground. Two lighting devices were tested for
stage installation. The first device was a Cree LED light module,
which is small yet bright to imitate an ideal point light source. It
can also be used as a spot light if a convex lens is installed. The sec-
ond device is a portable projector Optoma ML750, which emulates
an actual stage setting because professional actors use a large-scale
projector as their light source in stage performance. The fabrication
results consistently generated shadows similar to the target shapes
with both lighting devices.

7 Conclusions and Future Work

Shadow theatre is a large optimization problem, consisting of many
non-linear components such as kinematics, kinetics, skinning, per-
spective projection, and multi-character coordination. The biggest
challenge in our work is to make the optimization converge to a
plausible solution with reasonable computing resources. The key
to success was the design of the objective functions, which com-
pete with each other and thus keep the optimization process balance
on plausible sub-manifolds in the vast search spaces. The heuristic
strategies learned from professional actors also narrowed down the

search space substantially and made the results human-like. Selec-
tive refinement of DOFs effectively localized the large optimization
to reduce it into a series of smaller optimization tasks.

There are a number of limitations in this study. Artifacts of linear
skinning and inaccurate body modeling affect shadow generation
particularly when the characters pose acrobatically. More realistic
body models based on either biomechanical or data-driven model-
ing would improve the quality of the results [Anguelov et al. 2005;
Lee et al. 2009; Loper et al. 2015]. The computational bottleneck is
the rendering of shadow images by the rendering engine. The cur-
rent high-performance graphics hardware on typical desktop com-
puters can render hundreds of images per second, while our op-
timization algorithm require 40,000 to 80,000 shadow images per
trial. Another bottleneck is set operations between shadow images
for the evaluation of Ecoverage in Equation (3). There is room for
performance improvement since GPU implementation of pixel-by-
pixel image operations would achieve significant speedups.

We can think of many directions for future research. The problem
setting can be generalized to exploit multiple light sources and mul-
tiple screens. Multiple light sources would generate shades of gra-
dation at the penumbra, providing new means of expression. With
multiple screens, we expect different images to be projected onto
the screens from a single character pose. It is probably daunting for
human actors to pose while having to consider the casting of shad-
ows in multiple directions. Computer graphics technology can be
a tool for the choreography of next-generation performances. We
can also think of other possibilities such as curved screens and non-
point light sources. In the future, a computer graphics system simi-
lar to ours can serve as a test bed for a variety of stage installations
and performance scenarios.
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Figure 9: Principal poses for complex shapes. In each row, the leftmost image shows the optimized poses while the images on the right show
the shadows of individual actors.
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Figure 10: Posing with props. (Top) Car wheels. (Middle) Airplane wings. (Bottom) Violin neck.

Figure 11: 3D Fabrication results.
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Figure 12: Shadow animation. (a) Rabbit. (b) Elephant. (c) Car with a driver.


