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Figure 1: Turing Award winner Ivan Sutherland’s caricature generated by our system. (a) is the input frontal face image. (b) is the un
exaggerated line-drawing. (c) is the caricature generated by our system. (d) is a shaded caricature based on our system’s result.

Abstract son different from everyone else.”[14] An experienced caricaturist
] . . is trained to spot the most distinguishing features of a particular

In this paper we present a system to automatically create a carica-person and exaggerate them in such a way that the caricature will
ture drawing from a frontal face photograph. The system learns how |ook much more interesting than a simple likeness. This skill needs
to exaggerate features based on training examples from a particulatg pe developed through years of experiences and is very difficult
caricaturist. to master quickly. Our goal is to create a caricature system to allow

The input to the system is a frontal face image along with its vec- non-artists to create caricatures easily with minimum interaction.
tor based line-drawing. The system creates a face shape model ofpfe take a learning approach by providing the system a set of train-
the given face with a minimum of user interaction. The face shape ing examples from a particular caricaturist. The system learns the
is then converted to a set of semantic face features. A Kernel Re-mapping from an input face to a caricature of that person. It then
gression (KR) algorithm determines how much each feature should automatically generates a caricature with an input of any new face.
be exaggerated based on the knowledge learned from a particular prawing caricatures is a highly artistic process. A single cari-
artist. The exaggerated features are then projected into an exagcature cannot be objectively judged as correct or wrong. Different
gerated face shape using a maximum likelihood estimation (MLE) artists develop different styles for caricatures. We thus aim to au-
algorithm. This MLE algorithm also maintains face constraints to tomatically generate results from a training database created by an
generate reasonable caricatures. Finally, the exaggerated face shapgtist so that the caricatures all share the same style, but without
together with the unexaggerated face shape are used to morph thdging whether this particular style is the best. Since our system
vided to indicate the extent of overall exaggeration. We have trained yolves retraining the system from a new set of examples from a
the system with two separate artists and show results of passing sevyjfferent artist. We will show results from two artists’ styles.

eral photographs and line drawings through the system. It should be noted that when artists draw caricatures from a live
model, they are trained to observe the subject from all views and
1 Introduction then find the best way to exaggerate the most distinctive features of

the face. In our case, the system is designed to aid users to create
Car e i o cae ture: A representation, especially pictorial or liter-  caricatures from a single frontal face drawing or photograph. It is
ary, in which the subject’s distinctive features or peculiarities are very easy to capture a picture of the face with a digital camera for
deliberately exaggerated to produce a comic or grotesque dffect.  input. We thus confine our problem to the 2D space of frontal faces
Caricature can also be defined as “an exaggerated likeness of aealizing this may limit the quality of our system’s results. We will
person made by emphasizing all of the features that make the per-show that most facial features when measured from a 2D frontal



face image provide enough information to create a successful car- Some automatic caricature generators have been constructed.
icature. These features include the width of the face, size of the The most common idea is to find the difference of a particular face
nose, eyes, and so on. to anaverageface and then enlarge this difference. This approach

There are many techniques used by a caricaturist. Changing thehas been employed in [4; 15; 11]. These systems provide some
geometric shape and positioning of facial parts is one of the most information about how to exaggerate and the magnitude of the ex-
common and useful techniques. Other techniques include using theaggeration can be easily adjusted. But they only consider the first
strokes to emphasize important parts of the face or simplify other order relationship and when users adjust the magnitude of exag-
parts of the face. In this paper we focus only on techniques that geration, these systems have no guarantee that the constraints of
exaggerate the size and positioning of facial features. human facial integrity will be kept. Sometimes, if the distance be-

Our goal is to build a system which can generate caricatures of tween two eyes has been enlarged too much, the eyes may extend
2D frontal face images by exaggerating the geometric face shapebeyond the face contour. In [6], a set of pre-designed exaggeration
based on caricature examples provided by an artist. We wish to dotemplates are used to generate caricatures. In this way facial con-
this with a minimum of required user interaction while still giving  straints are maintained but users are left with only a limited choice
users some overall control of the output. To achieve this goal, we of templates to be used for exaggeration and the magnitude of ex-
solve the following problems: aggeration is fixed.

In [12], a caricature training database is used and some exagger-
stated? (We will use the term exaggerate generically even if ation prototypes are learned from the database using PCA. When_a

: new face image is presented to the system, a particular prototype is

glgerpg?ggﬁ:;rzig ffgafti?éirzrtl(()j (Ijér;]rlgli\t]hg? fsé;?ﬁ)re\gvesr?cijllgebe(:hosen automatically and the magnitude of the exaggeration s dis-
. - .—~“covered through linear regression. Two obvious drawbacks of this
exaggerated and the magnitudes of exaggeration from a train-

ing data set. We assume that there exists a nonlinear ma _system are that there is no user interaction function and no face con-
'9 ' . P straints have been enforced. These two drawbacks are intricately
ping between corresponding unexaggerated and exaggerate

features. The complex nonlinear mapping is leamned through ied to the algorithm so it cannot be easily fixed in their system.

kernel regression. The kernels re-weigh the training data be-
fore doing a linear regression. 2 SyStem Framework

e How can we encourage reasonable constraints on the facefigure 2 outlines the framework of our caricature system. A face
shape while exaggerating? After exaggerating the face fea- 1S represented in three different ways as it passes through the layers
tures, we must still create images recognizable as faces. For©f the system. ) , ) i
instance, the eyes should always be located above the mouth, 1he topmost layer is thenage Layerin which the face is rep-
the mouth cannot be wider than the face. Rather than enforc- Fésénted as an image. The input can be a photograph or a vector
ing explicit constraints such as these, we achieve our goal b based _Ime-dra_twmg o_f a face drawn with Adobe lllustrator. The
constructing a lower-dimensional subspace of all the example QutPutis a caricature image generated by the system. In the second
caricatures. The face with the newly determined exaggerated Shape Layerthe face is represented by its shape. More specifi-
features is then projected onto this space. The result is then €@lly, we define dace shape modekith 92 key points as shownin
pulled towards the set of artist drawn caricatures in this space Figure 3. Given a frontal face image, the face shape can be semi-
through an optimization process. The intuition is that since automatlcal_ly located wlth our tool [7]. The shape representation
the hand drawn caricatures are all valid, then the sub-space©f the face is then projected onto theature Layemwhere a set of
spanned by them will also contain only valid face shapes. high level semantic features of the face are.determlned based on the

shape model. Then we us&arnel Regressio(KR) algorithm to

An important observation which has been largely ignored by pre- map unexaggerated face features to exaggerated face features with

vious systems is that the exaggeration of any feature cannot be donghe help of our training data. After we compute the exaggerated
out of context, but has to be done in relation to its adjacent features. face features, Maximum Likelihood EstimatiofMLE) algorithm
For example, a face may have a nose of normal size, but very smallis used to find an exaggerated face shape which best fits the exag-
mouth and eyes. A caricaturist may decide in this case to make thegerated features while maintaining human face constraints.
nose larger since iteelative size is large compared to the nearby In the synthesis stage, we use exaggerated and unexaggerated
features. The difference between a feature and its own mean isface shapes to morph the vector based line-drawing and generate the
called a first order relationship, while the difference between the output caricature. The exaggerated and unexaggerated face shapes
relative size of one feature with other features and its mean is the serve as source and destination morphing features in this process.
second order relationship. These two relationships are described in  After our system has automatically generated a caricature, the
[14] as a basis for performing caricature exaggerations. We show yser can adjust the result both globally (changing the overall ex-
that the generality of the kernel regression is able to fully exploit aggeration magnitude) and locally (adjusting the size of individual
both the first and the second order relationships when exaggeratingsemantic facial feature) with the user interface of our system. This
aface. gives our system maximum flexibility to help both untrained users

to generate more customized caricatures and aid experienced users
1.1 Related work to generate more creative caricatures.
Recently, a number of non-photorealistic rendering algorithms  Our system has the following three components:
have been proposed to automatically “draw” sketches [5], en- - i )
gravings [13], oil paintings [10], and line-drawings with different 1. The definition of the semantic facial features.
styles [8; 11]. These systems focus on the painting style or stroke
style of the image but not on the higher level aspects of the draw-
ings such as the relationship among facial features as in facial car-
icatures. Some tools have been built to aid users to create carica-
tures [9; 2], but they do not instruct the users how to exaggerate. 3. The MLE to compute a face shape to best fit exaggerated fea-
While experienced caricaturists may be able to generate interest- tures and enforce human face constraints.
ing caricatures with these tools, the level of automation does not
provide ordinary users with sufficient guidance. We will discuss these in the following Sections 3, 4 and 5.

e How much should each feature be exaggerated or under-

2. The KR algorithm to map unexaggerated features to ex-
aggerated features exploiting the information from training
database.
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Figure 2: System Framework Diagram. (a) is the 3-layer system framework. A given face image is first converted to face shape, and then t
features. The exaggeration is done in feature layer with a Kernel Regression algorithm. And from exaggerated feature to exaggerated fe
shape, we use a MLE algorithm which is shown in (b). The MLE algorithm balances both the face constrains enforced by the exaggerate
face subspace and the similarity to the given exaggerated face features.

87-91 are for the forehead. This face shape model can be located
semi-automatically [7] with minimum human interaction (usually

Prams B < o 3-4 clicks and drags). Sometimes, the 5 key points on forehead
a == need to be manually labelled due to the high variance of hair styles.
This face shape is then scaled, translated and rotated to align with a
< generic face shape.
\T)/ 3.2 Semantic Face Features

The 92 key points of the face shape model provide the information

Figure 3: Face shape and definition of semantic features. The Facdo create a set of higher level semantic features for the feature layer
Shape has 92 key points. And the semantic face features are definedepresentation. These features indicate various measurements of the

as the distance between two key points alonag Y direction (a) or face, for example, “width of left eye”, “distance between the eyes”,
along X direction (b). yp 9 @ “height of the nose”, “width of the mouth”, “height of the mouth”,

“thickness of upper lip”, etc. Later our KR learning algorithm runs
on these features.
-~ More specifically, these measurements are made as either the
2.1 Training Data horizontal or vertical distance between a specific pair of the 92
Our training data consists of 210 facial images. We asked two artists points, in other words between either tecoordinates or th&
to draw a caricature for each face. Figure 4 shows four sample facescoordinates of two points.
in our training data set. We can notice the different styles of the  |f we pack the 92 face shape points into a face shape vector:
two artists. Because the learned exaggeration style of our system is
consistent with the style in the training database. By creating two S= (X1,Y1,X2, Y2, ..., X92, Yo2)
databases, we enable users of our system to exaggerate a face in
two styles. Then we manually labelled face shapes for each facethen a specific feature can also be represented as a vécteith
image and caricature. Finally all unexaggerated face shapes andy|| zero elements except odeand one—1. For example if a fea-
exaggerated face shapes were resized, translated and rotated to Bgre is the difference between the X coordinates of key point 1 and

aligned to a generic face shape. key point 2,x; — Xo, then the feature vector for this feature can be
written as: f = (1,0,—1,0,...,0). The inner product o§andf is
3 Face Features the value of the feature for the face shad:= x; —x, = a. For

. . each feature, there is a corresponding feature vector. Puttimg all
We use a set of semantic face features in our system. Both thefasires together creategemture matrixe = (flT sz ...,fT). The

KR algo_rithm and user interaction operate on these features. Thesggaiyres of a given face shape are then given by
semantic features are computed from the face shape model.

fs=SF

3.1 Face Shape Model s
In our system, we use a face shape model which has 92 key pointswhere fs is a 1 byn vector where each element is the value of a
as shown in Figure 3: points 0-7 are for the left eye, points 8-15 feature. An important property of the feature matrix is that if there
are for the right eye, points 16-25 are for the left brow, points 26-35 are no redundant featurds,has a pseudo-inverse. This becomes
are for the right brow, points 36-47 are for the nose, points 48-67 importantin the later stage for finding a face shape to best fit a given
are for the mouth, points 68-85 are for the face contour, and points feature vectoffs.



4 Kernel Regression on Feature Space

Our goal is to learn from the training data a functignthat maps

an unexaggerated feature vectgrto an exaggerated feature vector
fout: fout = 9(fin,training_data). We use Kernel Regression (KR)
to learng(). KR is an extension of linear regression that includes
non-linearities into the learning process.

4.1 Linear Regression

Linear Regression assumes that there is a linear relationship be-
tween inputfi, and outputfoyt, and determines linear coefficients

A from the training data. Suppose we havéraining pairs,n >
47,i=1,...nj=1,..47,

€1 ... €147 Ua ... Uis7
£ €1 ... €47 ui1 ... Uza7
Figure 4: Examples of training data. First row are the original pic- ‘ : : :
tures. Second and third rows are caricatures drawn by two artists. €1l .- €nar7 Un1 ... Ung7
and we have:
E =UA 1)

3.3 Discussion of Face Features where eactleg j is the jth exaggerated feature in thf@ training
Why do we need to define semantic features? The first reason is thafjata pair, andJi,,-. IS the j*" }Jnexaggerated featurg iff training
when artists draw a caricature, they pay attention to semantic facial 42 The coefficient matridy7,.47 solved by Maximum Likeli-
features and the first and second order relationships mentioned inhOOd algorithm is given by:

Section 1 relate to these semantic facial features. The results that
we show are automatically generated. However, we also want to

allow users of the system to easily modify these automatically gen- .
erated results. Instead of forcing users to interact with our system4-2 ~ Kernel Regression

in a space which is unfamiliar with them but easy to understand for Kernel regression captures non-linearity by allowing each input fea-
machines (e.g., eigen vectors found by PCA of the face shape spaceure vector,fi,, to independently re-weigh the training data before

[6]), users interact in a language which they can easily understandrunning a linear regression. A kernel function, typically a radial ba-
(i.e., semantic facial features in our system). sis function [3] centered at the input vector re-weighs the training

The feature definition of our system comes from two sources. data. When an input unexaggerated feature veyds given, the
First is the prior knowledge from discussions with artists. We in- kernel function\W(|[fin — firain|), gives those training data points,
clude features to which they pay attention when exaggerating a face Which are closer tdiy in the feature space more weight and those
The second source is from our experiments. As we will see later, further away fromfi, less weight. Then conventional linear regres-
these features serve as constraints for computing an exaggeratedon is applied to the re-weighted training data.
face shape. So we need a feature set that can exert enough con- LetW be a diagonal re-weighting matrix calculated by the kernel
straints to ensure good caricature results. This was done in an in-function, then Equation (1) becomes:
teractive and iterative way: First we generate some caricatures for
faces in the training database and compare them with the carica- WE=WUA (2)
tures done by the artist. We try to find the most salient and con-  1he maximum likelihood solution of is given by:
sistent difference between these two sets of caricatures. If we find
one, it usually means we should add a new feature here to provide A— (UTWTWU)fl(UTWTW E)
extra constraints so our results can capture the exaggeration details
in the training data. We repeat this process until we can consistently-,—herefore, given an input feature vectiay, the output featuréou
generate satisfying results. is computed withg() : fout = finA.

An example is the “angle of mouth” feature. It is defined as the )
vertical distance of the two face shape key points on the left and 4.3 The Kernel Function
right corners of mouth. Initially, this feature was not singled out as \we use a kernel function with the form:
one of our semantic facial features. It appears that the two corners
of a mouth on an ordinary face should always have the same height.
However, we found out from our experiments that one of the two
corners of a mouth can be much lower than the other in some face o ; 1 ith int i i
and the artist invariably exaggerates this characteristic when it iss\é\,:t(;ﬁ;gglsa;h; égglét;ztioa;nsdtlghhtgul £ d_at? ”pi(;lrt\:]éndtizteatrrsémbng
present. Unfortunately, this error-finding process would be difficult 1yeen two data pointg;, and f;. The definition of this distance
to automate. For example, artists pay more attention to tiny changesgnction is important to kernel regression because it determines the
of the eyes while the same amount of change for the width of the \eights given to each of the training data. The Mahalanobis dis-
face may be thought of as trivial. For machines, it is very difficult 5nce is commonly used in high dimensional space to measure dis-
to detect this difference. In our experiments, we compiled a feature ;5 e Training data points with larger distances to the ifiguill
set of 47 semantic features to ensure satisfying results. get lower weights, and vice versa.

Adding a new feature to our system is very easy. One simply  One observation is that each output feature may be highly cor-
adds a column in the feature matfix related to only a few input dimensions. A simple distance in the

A=UTU)UTE)

1
w; = ellfin—fi [+a)P



feature space, can thus cause unrelated input dimensions to havé.1 Exaggerated Face Shape Subspace and Prior

undue influence. To avoid this, we first determine an overall cor- \yse first construct a generative model of thaggerated face shape
relation between the output feature dimension and the input featuresubspaceFrom all theexaggeratedace shapes in our training data

dimensions. A modified Mahalanobis distance betwégmnd fi we use principal component analysis (PCA) to find a set of basis

is then found by re-weighing each dimension by its correlation co- yeciors that span the exaggerated face shape subspace. Then any

efficient to the output dimension. . . . . exaggerated face shafecan be written as the linear combination
Note that for each output feature, a particular input dimension ¢ inese basis vectors:

will now have 47 different correlation coefficients, thus the weight S=XB+p

matrix W changes for each output feature. Therefore instead of

learning a unique’, we learn 47A;, leading to al x 47 vector. B= [bl,bz,‘..,bk}T, X = [Xq,X2, ..., X]

Equation (2) becomes: where thdy;’s are firstk Eigenvectors (92 by 1) from the PCA ard

are the corresponding coefficients farX is the projection oSin

i u ..o
2’! ul"l ul‘47 the space spanned by tk&igenvectorsy is the mean exaggerated
j 21 ... Uay . 0
W, ) =W, ] ) i A (3) face shape. Here we take= 35 which covers 96.3% energy of all
: : . : the Eigen values. In our experiments we have found lak{gedo
€n,j Uni ... Una7 not generate saliently visually better results.

o th o We assume that the probability distribution of exaggerated face
This is the formula for thg'™ output feature. The solution is  shapes is a Gaussian. The probability of any given face sBape

given by projected to the subspack, becomes:
Aj = (UTWWU) H(UTWIWE)) 1
To ensure a stable solution for ti#g’s, instead of running the P(S) = p(X) = Bexp(—X/\*le) ®)

KR directly on the original 47 input features, we first use a PCA to

find a set of linearly independent bases for the features. We thenwhereD is a normalization constant, amdthe covariance matrix

run the KR on this reduced basis set. where the diagonal matrix is = diag(0o1, 02, ..., k). 0; is the vari-
Since our goal is to reduce the linear dependency among differ- ance ofit" dimension of the subspace.

ent features during the kernel regression rather than compression,

we do not permanently discard bases with small Eigen values. We5.2 Likelihood and MLE

convert the results back into the original feature basis since theseGiven a feature vectof, the likelihood of a face shapg@can be

have semantic value. This provides a meaningful final user interac- yofined as follows: '

tion discussed later.

1 SF—f||2

4.4 Discussion of Kernel Regression p(S| f) =p(f[9p(S = gexlﬂ(—H)D(S) (6)
The parametera andb in our kernel function are determined by . .
cross-validation. A sequence of values éoandb are evaluated by~ [ISF— f|| is the distance between the feature of the face si%ape
testing 10 percent of the training data as test input with a training @nd the given feature vectér F is the feature matrixA andD’ are
set consisting of the remaining 90 percent of the training dedad constantsp(S) can be replaced by Equation (5).
b are selected as the ones that best return the original caricatures of SO the problem now becomes: given an exaggerated feature vec-
the 10 percent used for the test. tor f, we want to find a_rS f_rom th_e exagg_erated face shape sub-

As we can see from Equation (3), the output of one feature is not SPace to maximize the likelihood in Equation (6).
a function of itself only, but a function of all input features. This First we replac&in Equation (6) withXB+ u:
means that even if two faces have exactly the same value fgf'the 1 XB F_fl2
feature, the difference of other features will still cause the system p(s| f) = Eexq_W)p(s)

to exaggerate thgh feature in these two faces differently.
The framework of our system thus naturally includes second or- Then we insert equation (5) into it:
der relationships in a straightforward way. If we only consider the

first order relationship, Equation (3) would look like 1 —I[(XB+ u)F — f|2—AXA~IXT
P(S| ) = s exH ;
€1, Uy j
€2 uz j The X that maximizes the likelihood is:
Wl f=w A @ | ,
: : Xmax= argmin(||(XB—+ u)F — f||2+AXA"IXT) (7)
€h,j Un,j
q h sh And we have:
5 Finding the Best Face Shape
9 P Xmax= (f — uF)FTBT(BFFTBT +AA~1)~2 (8)

Once we have obtained the exaggerated features, we need to find an

exaggerated face shape that best fits the features without violatingRecall that the feature matrix is pseudo-invertible (Section 3).
the basic constraints of a face. The inverse problem was describedBecauseB contains only the basis vectors of the subspBde also
earlier; given a face shaj® the face features can be computed by pseudo-invertibleA is a diagonal matrix with all positive diagonal
multiplying by the feature matri¥: f = SF. The fit of a shape elements (since they are the variance of the database) so it is in-
to a set of features is then defined by the differefl@F — f||, a vertible. Therefore in Equation (8Xmnax can always be computed
measure of the distance between face sHapdeatures and the reliably in close form.

feature vectorf. We maintain basic face constraints by finding a Equation 7 formalizes the objective to find Arthat minimizes
shape that balances lying within the subspace of shapes spanned weighted sum of two terms. The first teffX B+ u)F — f||2 is
by the artist’s caricatures and having a best fit to the exaggeratedthe distance between the face feature vector of face shapd the
features determined by the kernel regression. given feature vectof, the second term XA~1XT is the distance
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Figure 5: Some Test Results of Finding the Best Face Shape. (1-a)
and (2-a) are ground truth, (1-b) and (2-b) are face shapes computed

by our system.

GINGINGA

Figure 6: Constraints are automatically held in our system as shown
in (c), but not for simple exaggerators as shown in (a) and (b). For
each row, from left to right, the magnitude of exaggeration is larger

and larger.
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Figure 7: User interface. (a) The unexaggerated face, (b) exagger-
ated face shape generated by system, (c) caricature generated by
system, (d) semantic feature lists and (e) visualization of the se-
lected feature sizes (f) slider bar that can be used to adjust each
feature’s size or the overall exaggeration magnitude.
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Figure 8: Some Leave-one-out test result. (a) is the input face. (b)

is the ground truth. (c) is our result. (d) and (e) are results of the
two simple exaggerators. (f) are the results that involve only the
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from Sto the mean face shapein the exaggerated face shape sub- first order relationship.

space weighted by a constant An optimal X thus adheres to the

features predicted by the kernel regression, but provides assurance

that the exaggerated face shape will not stray too far from the mean
shape. Although the second term provides only a soft constraint
on the final caricature, we have found that it invariably produces

reasonable results.

5.3 Why MLE?

Figure 5 shows two face shapes created using our system to best
fit the given features. Figure 5 (1-a) is the exaggerated face shape
in our training database, while Figure 5 (1-b) shows the best fitted
shape from the subspace. Another example is given in Figure 5 (2-

face shape. The differences are scaleé bypd added back to
the mean and finally re-projected back to the original space.

3. In contrast, our algorithm first computes an exaggerated face
feature vector. Then, the difference from this exaggerated face
feature vector to the unexaggerated face feature vector is cal-
culated. We multiply the difference byand add this to the
original feature vector. Finally the MLE method is used to
determine the exaggerated face shape.

a) and (2-b). Note that the fitted face shapes are nearly the same as A comparison of the results obtained by these two simple exag-
the ground truth. As a test, we compare two simple exaggeratorsgerators and our algorithm is shown in Figure 6, viktheing 0.0,

with our algorithm:

0.5, 1.0, 1.5 and 2.0 from left to right. We can see from our result
in Figure 6 that our algorithm successfully maintains the constraints

1. The first simple exaggerator computes the difference of key of a human face while the simple exaggerators fail to do so.

point positions of a given face and those of the mean face
shape. The difference is then exaggerated (i.e., multiplied) by

a factork and added back to the mean shape.

2. The second simple exaggerator first computes the eigenvec-

6 User Interaction

tors of face shapes in the training database, and projects eachAll the results shown in the paper were generated automatically,
face shape onto the space spanned by these vectors. Then, amodifying only the overall exaggeration in some figures as indi-
in our first method, the exaggerator finds the difference be- cated. In other words, individual features were not modified by
tween a projected face shape and the projection of the meanhand. That said, the use of semantic features provides the basis for



(d) (e)

Figure 9: From left to right: an input image, a line drawing, an exaggerated caricature generated by our system, the caricature with a differe
stroke style applied by the user, and with shading added by the user.

(a) (b) (©) (d) (e) ® (&

Figure 10: Caricature with different exaggeration magnitude. For the input image shown in (a), our system generated the caricatures with le
exaggerating magnitude as in (a) to more exaggerating as in (g).

an intuitive user interface to provide more detailed control to the unexaggerated line drawing is then exaggerated by our system to

user if desired. generate the caricature (c). With the caricature result, users can
In the Ul shown in Figure 7, users can directly adjust each fea- change the stroke styles and shade it as shown in (d) and (e).
ture’s size individually as well as the overall exaggeration magni-  Our system can generate a range of plausible caricatures for a

tude with “feature list” control and slider bar control. Since every single person. In Figure 10, the caricatures of a single person with
feature in our system has semantic meaning, it is very easy for usersdifferent exaggeration magnitudes are shown. (a) is the input face
to achieve a desired effect. For example, if they want to make the image (b) is the unexaggerated input line-drawing image. (d) is the
nose bigger, they can just increase the size of “width of the bottom result generated by our system. (c) and (e) are results with less and
of the nose” and “height of the nose”. Our system then will auto- more exaggeration adjusted by the Ul of our system.

matically generate a new exaggerated face shape for the adjusted Because our system has two training databases created by two
features through the MLE projection. The individual feature mod- different artists, it can generate caricatures of two different styles.
ifications can be seen in real time, and when the users are satisfiedve show the results of two different styles in Figure 11. Users can
with the edited features, they can select “generate caricature” in theuse photoshop or other painting software to shade the caricature re-
drop-down list under the caricature window to generate the final sults to generate colored caricatures. Please note that all the results

caricature. here shown in Figure 11 are automatically generated, no human in-
teraction has been involved.
7 Results Two caricatures shown in the first row (columns c and d) of Fig-

ure 11 exemplify that our system learns distinctive features from

To test our |earning a|gorithm’ we have run some leave-one-out different training databases. For the first Style (In column C), the
tests. First we exclude a randomly selected face from the train- most important features include the height of nose, the height of
ing data and use the remaining faces as the new training data. Therforehead, and the width of face (across lower chin). For the second
we compute the exaggerated face shape for the excluded face angtyle (in column d), our system has found that the width of face
compare the result with the ground truth. We compare our results (across mouth), the width of face (across lower chin) and thickness
with the two simple exaggerators mentioned in Section 5.3. We Of lower lip are among the most important features. A close in-
generated results with the same algorithm but only using the first Spection of the original photo convinces us that all these features
order relationship as mentioned in Section 4.4. Figure 8 shows theare good and reasonable. But it is up to individual artists to define
leave-one-out results. Figure 8 (a) are the original unexaggeratedtheir own styles by choosing what features to exaggerate. What our
face shapes, (b) are the ground truth, (c) are our results, (d) and (e)system does is to learn a particular style of caricaturing from the
are results of the two simple exaggerators mentioned above and (f)training data.
are the results that only involve the first order relationship. Our sys-
tem creates a better. match to the artist’s face shape than the shapeg Conclusion
created by the two simple exaggerators. Compared to the one using
only first order relationships, our system retains more subtle details As we have seen, our example based caricature system can automat-
of exaggeration. ically generate caricatures from a training database with the same

Figure 9 shows the resulting caricature generated by our system.exaggeration style as the training database. With two sets of train-
Next to the original image (a), the unexaggerated line drawing (b) is ing data, we can thus automatically generate caricatures with two
automatically generated by the sketch generation system [5]. Thisdifferent styles.
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Figure 11: Caricatures with two styles. (a) are input face images, (b) are line-drawings, (c) are caricatures of the first style, (d) are caricatur
of the second style, (e) are shaded caricatures of the first style and (f) are shaded caricatures of the second style.



