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Preface

The 2010 edition of the European Conference on Computer Vision was held in

Heraklion, Crete. The call for papers attracted an absolute record of 1,174

submissions. We describe here the selection of the accepted papers:

Thirty-eight area chairs were selected coming from Europe (18), USA and
Canada (16), and Asia (4). Their selection was based on the following
criteria: (1) Researchers who had served at least two times as Area Chairs
within the past two years at major vision conferences were excluded; (2)
Researchers who served as Area Chairs at the 2010 Computer Vision and
Pattern Recognition were also excluded (exception: ECCV 2012 Program
Chairs); (3) Minimization of overlap introduced by Area Chairs being former
student and advisors; (4) 20% of the Area Chairs had never served before in
a major conference; (5) The Area Chair selection process made all possible
efforts to achieve a reasonable geographic distribution between countries,
thematic areas and trends in computer vision.

Each Area Chair was assigned by the Program Chairs between 28-32 papers.
Based on paper content, the Area Chair recommended up to seven potential
reviewers per paper. Such assignment was made using all reviewers in the
database including the conflicting ones. The Program Chairs manually
entered the missing conflict domains of approximately 300 reviewers. Based
on the recommendation of the Area Chairs, three reviewers were selected per
paper (with at least one being of the top three suggestions), with 99.7% being
the recommendations of the Area Chairs. When this was not possible, senior
reviewers were assigned to these papers by the Program Chairs, with the
consent of the Area Chairs. Upon completion of this process there were 653
active reviewers in the system.

Each reviewer got a maximum load of eight reviews—in a few cases we had
nine papers when re-assignments were made manually because of hidden
conflicts. Upon the completion of the reviews deadline, 38 reviews were
missing. The Program Chairs proceeded with fast re-assignment of these
papers to senior reviewers. Prior to the deadline of submitting the rebuttal by
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the authors, all papers had three reviews. The distribution of the reviews was
the following: 100 papers with an average score of weak accept and higher,
125 papers with an average score toward weak accept, 425 papers with an
average score around borderline.

For papers with strong consensus among reviewers, we introduced a
procedure to handle potential overwriting of the recommendation by the Area
Chair. In particular for all papers with weak accept and higher or with weak
reject and lower, the Area Chair should have sought for an additional
reviewer prior to the Area Chair meeting. The decision of the paper could
have been changed if the additional reviewer was supporting the
recommendation of the Area Chair, and the Area Chair was able to convince
his/her group of Area Chairs of that decision.

The discussion phase between the Area Chair and the reviewers was initiated
once the review became available. The Area Chairs had to provide their
identity to the reviewers. The discussion remained open until the Area Chair
meeting that was held in Paris, June 5-6. Each Area Chair was paired to a
buddy and the decisions for all papers were made jointly, or when needed
using the opinion of other Area Chairs. The pairing was done considering
conflicts, thematic proximity, and when possible geographic diversity. The
Area Chairs were responsible for taking decisions on their papers. Prior to
the Area Chair meeting, 92% of the consolidation reports and the decision
suggestions had been made by the Area Chairs. These recommendations were
used as a basis for the final decisions.

Orals were discussed in groups of Area Chairs. Four groups were formed,
with no direct conflict between paper conflicts and the participating Area
Chairs. The Area Chair recommending a paper had to present the paper to the
whole group and explain why such a contribution is worth being published as
an oral. In most of the cases consensus was reached in the group, while in the
cases where discrepancies existed between the Area Chairs’ views, the
decision was taken according to the majority of opinions.

The final outcome of the Area Chair meeting, was 38 papers accepted for an
oral presentation and 284 for poster. The percentage ratios of submissions/
acceptance per area are the following:
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Thematic area # submitted % over # accepted % over % acceptance
submitted accepted in area
Object and Scene Recognition 192 16.4% 66 20.3% 34.4%
Segmentation and Grouping 129 11.0% 28 8.6% 21.7%
Face, Gesture, Biometrics 125 10.6% 32 9.8% 25.6%
Motion and Tracking 119 10.1% 27 8.3% 22.7%
Statistical Models and Visual 101 8.6% 30 9.2% 29.7%

Learning
Matching, Registration, Alignment 90 7.7% 21 6.5% 23.3%
Computational Imaging 74 6.3% 24 7.4% 32.4%
Multi-view Geometry 67 5.7% 24 7.4% 35.8%
Image Features 66 5.6% 17 5.2% 25.8%
Video and Event Characterization 62 5.3% 14 4.3% 22.6%
Shape Representation and 48 41% 19 5.8% 39.6%
Recognition

Stereo 38 3.2% 4 1.2% 10.5%
Reflectance, lllumination, Color 37 3.2% 14 4.3% 37.8%
Medical Image Analysis 26 2.2% 5 1.5% 19.2%

® We received 14 complaints/reconsideration requests. All of them were sent to the
Area Chairs who handled the papers. Based on the reviewers’” arguments and the
reaction of the Area Chair, three papers were accepted—as posters—on top of
the 322 at the Area Chair meeting, bringing the total number of accepted papers
to 325 or 27.6%. The selection rate for the 38 orals was 3.2% .The acceptance
rate for the papers submitted by the group of Area Chairs was 39%.

® Award nominations were proposed by the Area and Program Chairs based on
the reviews and the consolidation report. An external award committee was
formed comprising David Fleet, Luc Van Gool, Bernt Schiele, Alan Yuille,
Ramin Zabih. Additional reviews were considered for the nominated papers
and the decision on the paper awards was made by the award committee. We
thank the Area Chairs, Reviewers, Award Committee Members, and the
General Chairs for their hard work and we gratefully acknowledge Microsoft
Research for accommodating the ECCV needs by generously providing the
CMT Conference Management Toolkit. We hope you enjoy the proceedings.

September 2010 Kostas Daniilidis
Petros Maragos
Nikos Paragios
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Kernel Sparse Representation for
Image Classification and Face Recognition

Shenghua Gao, Ivor Wai-Hung Tsang, and Liang-Tien Chia

School of Computer Engineering, Nanyang Technological Univertiy, Singapore
{g20s0004, IvorTsang,asltchia}@ntu.edu.sg

Abstract. Recent research has shown the effectiveness of using sparse
coding(Sc) to solve many computer vision problems. Motivated by the
fact that kernel trick can capture the nonlinear similarity of features,
which may reduce the feature quantization error and boost the sparse
coding performance, we propose Kernel Sparse Representation(KSR).
KSR is essentially the sparse coding technique in a high dimensional
feature space mapped by implicit mapping function. We apply KSR to
both image classification and face recognition. By incorporating KSR
into Spatial Pyramid Matching(SPM), we propose KSRSPM for image
classification. KSRSPM can further reduce the information loss in fea-
ture quantization step compared with Spatial Pyramid Matching using
Sparse Coding(ScSPM). KSRSPM can be both regarded as the gener-
alization of Efficient Match Kernel(EMK) and an extension of ScSPM.
Compared with sparse coding, KSR can learn more discriminative sparse
codes for face recognition. Extensive experimental results show that KSR
outperforms sparse coding and EMK, and achieves state-of-the-art per-
formance for image classification and face recognition on publicly avail-
able datasets.

1 Introduction

Sparse coding technique is attracting more and more researchers’ attention in
computer vision due to its state-of-the-art performance in many applications,
such as image annotation [25], image restoration [20], image classification [28]
etc. It aims at selecting the least possible basis from the large basis pool to
linearly recover the given signal under a small reconstruction error constraint.
Therefore, sparse coding can be easily applied to feature quantization in Bag-of-
Word(BoW) model based image representation. Moreover, under the assumption
that the face images to be tested can be reconstructed by the images from the
same categories, sparse coding can also be used in face recognition [26].

BoW model [23] is widely used in computer vision [27I21] due to its con-
cise representation and robustness to scale and rotation variance. Generally, it
contains three modules: (i) Region selection and representation; (ii) Codebook
generation and feature quantization; (iii) Frequency histogram based image rep-
resentation. In these three modules, codebook generation and feature quantiza-
tion are the most important portions for image presentation. The codebook is

K. Daniilidis, P. Maragos, N. Paragios (Eds.): ECCV 2010, Part IV, LNCS 6314, pp. 1 2010.
© Springer-Verlag Berlin Heidelberg 2010
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a collection of basic patterns used to reconstruct the local features. Each basic
pattern is known as a visual word. Usually k-means is adopted to generate the
codebook, and each local feature is quantized to its nearest visual word. However,
such hard assignment method may cause severe information loss [3J6], especially
for those features located at the boundary of several visual words. To minimize
such errors, soft assignment [2TJ6] was introduced by assigning each feature to
more than one visual words. However, the way of choosing parameters, including
the weight assigned to the visual word and the number of visual words to be
assigned, is not trivial to be determined.

Recently, Yang et al. [28] proposed the method of using sparse coding in
the codebook generation and feature quantization module. Sparse coding can
learn better codebook that further minimizes the quantization error than k-
means. Meanwhile, the weights assigned to each visual word are learnt concur-
rently. By applying sparse coding to Spatial Pyramid Matching [I3] (referred
to as: ScSPM), their method achieves state-of-the-art performance in image
classification.

Another application of sparse coding is face recognition. Face recognition is a
classic problem in computer vision, and has a great potential in many real world
application. It generally contains two stages. (i): Feature extraction; and (ii):
Classifier construction and label prediction. Usually Nearest Neighbor (NN) [5]
and Nearest Subspace(NS) [II] are used. However, NN predicts the label of
the image to be tested by only using its nearest neighbor in the training data,
therefore it can easily be affected by noise. NS approximates the test image by
using all the images belonging to the same category, and assigns the image to the
category which minimizes the reconstruction error. But NS may not work well
for the case where classes are highly correlated to each other[26]. To overcome
these problems, Wright et al. proposed a sparse coding based face recognition
framework [26], which can automatically selects the images in the training set to
approximate the test image. Their method is robust to occlusion, illumination
and noise and achieves excellent performance.

Existing work based on sparse coding only seeks the sparse representation
of the given signal in original signal space. Recall that kernel trick [22] maps
the non-linear separable features into high dimensional feature space, in which
features of the same type are easier grouped together and linear separable. In
this case we may find the sparse representation for the signals more easily, and
the reconstruction error may be reduced as well. Motivated by this, we propose
Kernel Sparse Representation(KSR), which is the sparse coding in the mapped
high dimensional feature space.

The contributions of this paper can be summarized as follows: (i): We pro-
pose the idea of kernel sparse representation, which is sparse coding in a high
dimensional feature space. Experiments show that KSR greatly reduces the fea-
ture reconstruction error. (2): We propose KSRSPM for image classification.
KSRSPM can be regarded as a generalized EMK, which can evaluate the sim-
ilarity between local features accurately. Compared with EMK, our KSRSPM
is more robust by using quantized feature other than the approximated high
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dimensional feature. (3): We extend KSR to face recognition. KSR can achieve
more discriminative sparse codes compared with sparse coding, which can boost
the performance for face recognition.

The rest of this paper is organized as follows: In Section 2] we describe the
details of KSR, including its objective function and its implementation. By incor-
porating KSR into SPM framework, we propose KSRSPM in Section Bl We also
emphasize the relationship between our KSRSPM and EMK in details. Image
classification performance on several public available datasets are also reported
at the end of this section. In Section @ we use KSR for face recognition. Results
comparisons between sparse coding and KSR on Extended Yale B Face Dataset
are listed in this section. Finally, we conclude our work in Section Bl

2 Kernel Sparse Representation and Implementation

2.1 Kernel Sparse Representation

For general sparse coding, it aims at finding the sparse representation under the
given basis U(U € R4*¥), while minimizing the reconstruction error. It equals
to solving the following objective.

minlle — Uv]]® + Alloll
U,v

(1)

subject to: |jum|® <1

where U = [uq,ug, ..., ug]. The first term of Equation () is the reconstruction
error, and the second term is used to control the sparsity of the sparse codes v.
Empirically larger A corresponds to sparser solution.

Suppose there exists a feature mapping function ¢: R? — R, (d < K). It
maps the feature and basis to the high dimensional feature space: z — ¢(x), U =
[u1, w2, ..yur] = U = [@p(u1), p(uz), ..., ¢(ug)]. We substitute the mapped fea-
tures and basis to the formulation of sparse coding, and arrive at kernel sparse
representation(KSR):

. 2
min - [é(x) = Uv[|” + Allv] (2)

where U = [p(u1), d(uz), ..., d(uk)]. In our work, we use Gaussian kernel due to
its excellent performance in many work [2202]: x(z1,22) = exp(—v|z1 — 22/|?).
Note that ¢(u;)T d(u;) = r(us, u;) = exp(—y||u; — u||?) = 1, so we can remove
the constraint on u;. Kernel sparse representation seeks the sparse representation
for a mapped feature under the mapped basis in the high dimensional space.

2.2 Implementation

The objective of Equation (2] is not convex. Following the work of [28/14], we
optimize the sparse codes v and the codebook U alternatively.
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Learning The Sparse Codes in New Feature Space. When the codebook
U is fixed, the objective in Equation (2]) can be rewritten as:

min||¢(x) —Uv|* + Av]ls

=k(z,z) + v Kypv — 20" Ky (z) 4 Av[lx (3)
=L(v) + Allvlh

where L(v) = 1+ 0T Kypv — 20T Ky (2), Kyu is a k* k matrix with {Kyy i =
K(ug, us), and Ky (z) is a k= 1 vector with { Ky (z)}; = k(us, ). The objective is
the same as that of sparse coding except for the definition of Ky and Ky (x). So
we can easily extend the Feature-Sign Search Algorithm|[T4] to solve the sparse
codes. As for the computational cost, they are the same except for the difference
in calculating kernel matrix.

Learning Codebook. When v is fixed, we learn the codebook U. Due to the
large amount of features, it is hard to use all the feature to learn the codebook.
Following the work [282], we random sample some features to learn the codebook
U, then use the learnt U to sparsely encode all the features. Suppose we randomly
sample N features, then we rewrite the objective as follows (m, s, t are used to
index the columns number of the codebook.):

N
)= v Dollote) o+ Al

k
NZl—FZZ’UZSUth Ug, Ut) QZvi,sﬁ(USaxi)‘F)‘H”iHl]

s=1t=1 s=1

(4)

Since U is in the kernel (k(u;,.)), it is very challenging to adopt the commonly
used methods, for example, Stochastic Gradient Descent method [2] to find the
optimal codebook. Instead we optimize each column of U alternatively. The
derivative of f(U) with respect to u,, is (u,, is the column to be updated):

_47 Z Z Vi,m Vit K(Um, Ut) (Um — Ut) — Vi, mb(Um, Ti) (Um — x3)] (D)

i=1 t=1

To find the optimal w,,, we set af = 0. However, it is not easy to solve the
equation due to the terms with reépect t0 K(Um,.). As a compromise, we use
the approximate solution to replace the exact solution. Similar to fixed point
algorithm [12], in the n‘* u,, updating iteration, we use the result of u,, in the
(n —1)"" updating iteration to compute the part in the kernel function. Denote
the w,, in the n'* updating process as wy, ,, then the equation with respect to
Up,n becomes:

of

Oy,

N k
—4
= T’y Z Z Vi mUsq, tK Um,n—1, Ut)(um,n - ut) - Ui,m’i(um,n—h -'L'i)(um,n - sz)}
=1 t=1

=0
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When all the remaining columns are fixed, it becomes a linear equation of w, »
and can be solved easily. Following the work [2], the codebook is initialized as
the results of k-means.

3 Application I: Kernel Sparse Representation for Image
Classification

In this Section, we apply kernel sparse representation in SPM framework, and
propose the KSRSPM. On the one hand, KSRSPM is an extension of ScSPM [2§]
by replacing sparse coding with KSR. On the other hand, KSRSPM can be
regarded as the generalization of Efficient Match Kernel(EMK) [2].

3.1 Sparse Coding for Codebook Generation

k-means clustering is usually used to generate the codebook in BoW model. In

k-means, the whole local feature space X = [x1, 22, ..., zy] (Where z; € R?¥1) is
split into k clusterings S = [S1, Sa,. .., Sk]. Denote the corresponding clustering
centers as U = [uy, ug,...,ur] € R>k Tn hard assignment, each feature is only

assigned to its nearest cluster center, and the weight the feature contributing to
that center is 1. The objective of k-means can be formulated as the following
optimization problem:

k N

) 12 — ) R 12

mind D Nz —wll =min e - Uvil
i=1x;ES; i=1

(6)

subject to: Card(v;) =1,|v;| =1,v; > 0,Vi.

Here V is a clustering indices, V = [v1,v2,...,vn] (Where v; € R¥*1). Each
column of V' indicates which visual word the local feature should be assigned to.
To reduce the information loss in feature quantization, the constraint on v, is
relaxed. Meanwhile, to avoid each feature being assigned to too many clusters,
the sparse constraint is imposed on v,,. Then, we arrive at the optimization
problem of sparse coding:

N
y . — . 2 .
T{},Z‘}"LX;HZ‘Z Uvi||* + Alvill1
1=

subject to: |u;| <1,Vj=1,... k.

3.2 Maximum Feature Pooling and Spatial Pyramid Matching
Based Image Representation

Following the work of [28/4], we use maximum pooling method to represent the
images. Maximum pooling uses the largest responses to each basic pattern to
represent the region. More specifically, suppose one image region has D local
features, and the codebook size is k. After maximum pooling, each image will be
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represented by a k dimensional vector y, and the [*" entry is the largest response
to the I*" basis vector of all the sparse codes in the selected region(vp is the
sparse codes of the D" feature in this local region, and vp; is the I** entry of
’UD)t

yi = maz{|vul, [vail, - - -, lvpi} (8)
SPM technique is also used to preserve the spatial information. The whole image
is divided into increasing finer regions, and maximum pooling is used in each
subregion.

3.3 KSRSPM — An Generalization of Efficient Matching Kernel

Besides interpreted as an extension of ScSPM [28], KSRSPM can also be in-
terpreted as a generalization of Efficient Matching Kernel (EMK) [2]. Let X =
[z1,%2,...,xp] be a set of local features in one image, and V(z) = [v1(x), v2(x),

., up(x)] are the corresponding clustering index vector in Equation (@). In BoW
model, each image is presented by a normalized histogram v(X )= |)1(‘ Y owex v(T),
which characterizes its visual word distribution. By using linear classifier, the
resulting kernel function is:

LCESSEIIND D LRI RNV BP BLEXY ©)

zeX yeY rzeX yeY

where

5(2,5) = {1, () = v(y) 10)

0, otherwise

0(z,y) is positive definite kernel, which is used to measure the similarity between
two local features. However, such hard assignment based local feature similarity
measuring method increases the information loss and reduces classification ac-
curacy. Thus a continuous kernel is introduced to more accurately measure the
similarity between local feature x and y:

Ks(X,Y) = IXH Zkay (11)

xEX yey

Here k(z,y) is positive definite kernel, which is referred to as local kernel. This
is related to the normalized sum match kernel [T9/9].

Due to the large amount of local features, directly using local kernel is both
storage and computation prohibitive for image classification. To decrease the
computation cost, Efficient Match Kernel(EMK) is introduced. Under the def-
inition of finite dimensional kernel function [2], k(z,vy) = ¢(x)T¢(y), we can

approximate ¢(z) by using low dimensional features v, in the space spanned by
k basis vectors H = [¢p(u1), p(uz), ..., ¢(ug)]:

min [¢(w) ~ Ho,|? (12)

In this way, each image can be represented by (X )new = |)1(\H2xex vz be-
forehand. As a consequence, the computation speed can be accelerated.
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EMK maps the local feature to high dimensional feature space to evaluate the
similarity between local features more accurately, and uses the approximated

feature Hv, to construct the linear classifier for image classification. It can be

summarized as two stages: (i): x 2, (z): Map the feature to new feature space;

(ii): ¢(x) 2, 5.t Reconstruct ¢(x) by using the basis H.

Note that directly using original feature for image classification may cause
overfitting [3]. To avoid this, and following the BoW model, we use v, for image
classification. We hope each ¢(z) is only assigned several clusterings, so we add
the sparse constraint in the objective of EMK:

min - |¢(z) — Hog||? + vz |11 (13)
This is the same as the objective of our kernel sparse representation. So EMK
can be regarded as the special case of our KSRSPM at A = 0. Compared
with EMK, our KSRSPM uses the quantized feature indices for image classi-
fication, so it is more robust to the noise. What’s more, by using maximum
pooling, the robustness to intra-class and noise of our KSRSPM can be further
strengthened.

3.4 Experiments

Parameters Setting. SIFT [I6] is widely used in image recognition due to its
excellent performance. For a fair comparison and to be consistent with pre-
vious work [28/13l2], we use the SIFT features under the same feature ex-
traction setting. Specifically, we use dense grid sampling strategy and fix the
step size and patch size to 8 and 16 respectively. We also resize the maximum
side(width/length) of each image to 300 pixeld!]. After obtaining the SIFT, we
use ¢2-norm to normalize the feature length to 1. For the codebook size, we
set k = 1024 in k-means, and randomly select (5.0 ~ 8.0) * 10% features to
generate codebook for each data set. Following the work [28], we set A = 0.30
for all the datasets. As for the parameter 7 in the Gaussian kernel, we set 7 to
614, 614, 1%8, 251)6 on Scene 15, UIUC-Sports, Caltech 256 and Corel 10 respectively.
For SPM, we use top 3 layers and the weight for each layer is the same. We use
one-vs-all linear SVM due to its advantage in speed [28] and excellent perfor-
mance in maximum feature pooling based image classification. All the results for
each dataset are based on six independent experiments, and the training images
are selected randomly.

Scene 15 Dataset. Scene 15 [13] dataset is usually used for scene classification.
It contains 4485 images, which are divided into 15 categories. Each category con-
tains about 200 to 400 images. The image content is diverse, containing suburb,
coast, forest, highway, inside city, mountain, open country, street, tall building,

! For UTUC-Sport dataset, we resize the maximum side to 400 due to the high reso-
lution of original image.
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office, bedroom, industrial, kitchen, living room and store. For fair comparison,
we follow the same experimental setting [28/13]: randomly select 100 images each
category as training data and use the remaining images as test data. The results
are listed in Table [l

Table 1. Performance Comparison on Scene 15 Dataset(%)

Method  Average Classification Rate

KSPMIT3] 81.40-£0.50
EMK]2] 77.89:+£0.85
ScSPM[Z8] 80.28-£0.93
KSRSPM 83.68+0.61

Caltech 256. Caltech 2568 is a very challenging dataset in both image content
and dataset scale. First of all, compared with Caltech 101, the objects in Caltech
256 contains larger intra-class variance, and the object locations are no longer in
the center of the image. Second, Caltech 256 contains 29780 images, which are di-
vided into 256 categories. More categories will inevitably increase the inter-class
similarity, and increase the performance degradation. We evaluate the method un-
der four different settings: selecting 15, 30, 45, 60 per category as training data
respectively, and use the rest as test data. The results are listed in Table[2l

Table 2. Performance Comparison on Caltech 256 dataset(%) (KC: Kernel codebook;)

Trn No. KSPM[§]  KC[6] EMK[] ScSPM[28] KSRSPM

15 NA NA 23.2+0.6 27.73+0.51 29.77+0.14
30 34.10 27.1740.46 30.5£0.4 34.02+0.35 35.67+0.10
45 NA NA 34.4+0.4 37.46+0.55 38.61+0.19
60 NA NA 37.6£0.5 40.14+0.91 40.30+0.22

UIUC-Sport Dataset. UTUC-Sport [15] contains images collected from 8 kind
of different sports: badminton, bocce,croquet, polo, rock climbing, rowing, sailing
and snow boarding. There are 1792 images in all, and the number of images ranges
from 137 to 250 per category. Following the work of Wu et al. [27], we randomly
select 70 images from each category as training data, and randomly select another
60 images from each category as test data. The results are listed in Table Bl

Table 3. Performance Comparison on UIUC-Sport Dataset(%)

Method Average Classification Rate

HIK+ocSVM[27] 83.54+1.13

EMK[] 74.56+1.32

ScSPM2R] 82.74+1.46
KSRSPM 84.92:+0.78

% www.vision.caltech.edu/Image_Datasets/Caltech256/
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Table 4. Performance Comparison on Corell0 Dataset(%) (SMK:Spatial Markov
Model)

Method Average Classification Rate

SMK [I7] 77.9
EMK [2] 79.90+1.73
ScSPM [28] 86.2+1.01
KSRSPM 89.43+1.27

Corell0 Dataset. Corell0 [18] contains 10 categories: skiing, beach, buildings,
tigers, owls, elephants, flowers, horses, mountains and food. Each category con-
tains 100 images. Following the work of Lu et al. [18], we randomly select 50 images
as training data and use the rest as test data. The results are listed in Table @l

Results Analysis. From Table [l we can see that on Scene, UTUC-Sports,
Corel10, KSRSPM outperforms EMK around (5.7 ~ 10.4)%, and outperforms
ScSPM around (2.2 ~ 3.4)%. For Caltech 256, due to too many classes, the
improvements are not very substantial, but still higher than EMK and ScSPM.
We also list the confusion matrices of Scene, UIUC-Sports and Corell0 datasets
in Figure [l and Figure Bl The entry located in i*" row, j* column in confusion
matrix represents the percentage of class ¢ being misclassified to class j. From
the confusion matrices, we can see that some classes are easily be misclassified
to some others.

Feature Quantization Error. Define Average Quantization Error ( AverQE )
as: AverQE = |, Zf;l l|p(z;)—Uv;||%. It can be used to evaluate the information
loss in the feature quantization process. To retain more information, we hope the
feature quantization error can be reduced. We compute the AverQE of our kernel
sparse representation (KSR) and Sparse coding (Sc) on all the features used for
codebook generation, and list them in Table Bl From results we can see that
kernel sparse representation can greatly decrease the feature quantization error.

g
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mountain
opencountry
street
tallbuilding
PARoffice
bedroom
industrial
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Fig. 1. Confusion Matrix on Scene 15 dataset(%)
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Fig. 2. Confusion Matrices on UTUC-Sports and Corel10(%)

Table 5. Average Feature Quantization Error on Different datasets

Scene  Caltech 256  Sport Corel
Sc  0.8681 0.9164 0.8864 0.9295
KSR 9.63E-02 5.72E-02 9.40E-02 4.13E-02

This may be the reason that our KSRSPM outperforms ScSPM. The results
also agree with our assumption that sparse coding in high dimensional space
can reduce the feature quantization error.

4 Application II: Kernel Sparse Representation for Face
Recognition

4.1 Sparse Coding for Face Recognition

For face recognition, “If sufficient training samples are available from each class,
it would be possible to represent the test samples as a linear combination of
those training samples from the same class [26]”.

Suppose there are N classes in all, and the training instances for class i are
Ai=laia, . Qin,] € ]RdX”i, in which each column corresponds to one instance.
Let A = [A;,...,AN] € REXZiL1 % be the training set, and y € R4*! be the
test sample. When noise e exists, the problem for face recognition [26] can be
formulated as follows:

min  |lzoli  st. y=Az" +e=[AT]z" )" = Aoxo (14)

sparse coding based image recognition aims at selecting only a few images
from all the training instances to reconstruct the images to be tested. Let
o = (i1, Qin, (1 < i < N) be the coefficients corresponds to A; in xo.
The reconstruction error by using the instances from class ¢ can be computed
as: 1;(y) = ||y — Aia;ll2. Then the test image is assigned to the category that
minimizes the reconstruction error: identity(y) = arg min; {ri(y),...,rn(y)}.

4.2 Kernel Sparse Representation for Face Recognition

Kernel method can make the features belonging to the same category closer to
each other [22]. Thus we apply kernel sparse representation in face recognition.
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Firstly, the ¢1 norm on reconstruction error is replaced by using ¢2 norm(We
assume that the noise may not be sparsely reconstructed by using the training
samples). By mapping features to a high dimensional space: y — ¢(y), A =
[@11,. - aNny] = A= [P(a11),...,P(an ny )], we obtain the objective of kernel
sparse representation for face recognition:

min  Mzlly + [|6(y) — Azl (15)

In which the parameter A is used to balance the weight between the sparsity
and the reconstruction error. Following the work of John Wright et al., the test
image is assigned to the category which minimizes the reconstruction error in
the high dimensional feature space.

4.3 Evaluation on Extended Yale B Database

We evaluate our method on Extended Yale B Database [7], which contains 38
categories, 2414 frontal-face images. The cropped image size is 192 x 168. Follow-
ing the work [26], we randomly select a half as training images in each category,
and use the rest as test. The following five features are used for evaluation:
RandomFace [26], LaplacianFace [I0], EigenFace [24],FisherFace [1] and Down-
sample [26], and each feature is normalized to unit length by using ¢2 norm.
Gaussian kernel is used in our experiments: k(z1,72) = exp(—7||z1 — x2||?). For
Eigenfaces, Laplacianfaces, Downsample and Fisherfaces, we set v = 1/d where
d is the feature dimension. For Randomfaces, v = 1/32d.

The Effect of A. We firstly evaluate A by using 56D Downsample Feature. We
list the results based on different A in Table Bl When X\ # 0, as A decreases, the
performance increases, and the proportion of non-zero elements in coefficients
increases. But computational time also increases. When A = 0, it happens to be
the objective of Efficient Match Kernel, but the performance is not good as that
in the case of X\ # 0. This can show the effectiveness of the sparse term.

Result Comparison. Considering both the computational cost and the accu-
racy in Table[], we set A = 10~°. The experimental results are listed in Table[7l
All the results are based on 10 times independent experiments. Experimental
results show that kernel sparse representation can outperform sparse coding in
face recognition.

Table 6. The Effect of Sparsity Parameter: 56D Downsample Feature (Here sparsity
is percentage of non-zeros elements in sparse codes)

A 10°' 1072 107* 107* 107° 107® 1077 0

sparsity (%) 0.58 0.75 0.88 213 4.66 835 16.69 -
reconstruction error 0.2399 0.1763 0.1651 0.1113 0.0893 0.0671 0.0462 -
time(sec) 0.0270 0.0280 0.0299 0.0477 0.2445 0.9926 6.2990 -

accuracy (%) 76.92 84.12 85.19 90.32 91.65 93.30 93.47 84.37
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Table 7. Performance of Sparse Coding for Face Recognition(%)

Feature Dimension 30 56 120 504

Sc [26] 86.5 91.63 93.95 96.77

Eigen KSR 89.01 94.42 97.49 99.16

Sc [26] 87.49 91.72 93.95 96.52

Laplacian KSR 88.86 94.24 97.11 98.12
Sc [26] 82.6 91.47 95.53 98.09

Random KSR 85.46 92.36 96.14 98.37

Sc [26] 74.57 86.16 92.13 97.1

Downsample KSR 83.57 91.65 95.31 97.8
Sc [26] 86.91 NA NA NA

Fisher KSR 88.93 NA NA NA

To further illustrate the performance of KSR, we calculate the similarity be-
tween the sparse codes of KSR and Sc in three classes(each classes contains 32
images). We list the results in Figure Bl in which the entry in (7, j) is the sparse
codes similarity (normalized correlation) between image ¢ and j. We know that
a good sparse coding method can make the sparse codes belonging to same class
more similar, therefore, the sparse codes similarity should be block-wise. From
Figure [ we can see that our KSR can get more discriminative sparse codes than
sparse coding, which facilitates the better performance of the image recognition.

Similarity bettwen the sparse codes of KSR Similarity bettwen the sparse codes of Sc

o =05 T 1 — 1
10f- " -:-ll ol iy

o= e Lo L
20 RS : 0% o ST o8
30 R .. - Hgl 'y

R AR 1 . 0.6 SOfrm B rmi . . - 0.6
40 AL R 40 R e
50 S i : 0.4 50 . i 0.4
60 NG Ko

_ e 02 % . 02
70 ) 0 Nt 70
80 i B 0 80 0
90 e -0.2 % RN -0.2

20 40 60 80 20 40 60 80

Fig. 3. Similarity between the sparse codes of KSR and Sc

5 Conclusion

In this paper, we propose a new technique: Kernel Sparse Representation, which
is the sparse coding technique in a high dimensional feature space mapped by
implicit feature mapping feature. We apply KSR to image classification and
face recognition. For image classification, our proposed KSRSPM can both be
regarded as an extension of ScSPM and an generalization of EMK. For face
recognition, KSR can learn more discriminative sparse codes for face category
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identification. Experimental results on several publicly available datasets show
that our KSR outperforms both ScSPM and EMK, and achieves state-of-the-art
performance.
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Abstract. Humans can prepare concise descriptions of pictures, focus-
ing on what they find important. We demonstrate that automatic meth-
ods can do so too. We describe a system that can compute a score linking
an image to a sentence. This score can be used to attach a descriptive
sentence to a given image, or to obtain images that illustrate a given
sentence. The score is obtained by comparing an estimate of meaning ob-
tained from the image to one obtained from the sentence. Each estimate
of meaning comes from a discriminative procedure that is learned us-
ing data. We evaluate on a novel dataset consisting of human-annotated
images. While our underlying estimate of meaning is impoverished, it
is sufficient to produce very good quantitative results, evaluated with a
novel score that can account for synecdoche.

1 Introduction

For most pictures, humans can prepare a concise description in the form of a
sentence relatively easily. Such descriptions might identify the most interesting
objects, what they are doing, and where this is happening. These descriptions are
rich, because they are in sentence form. They are accurate, with good agreement
between annotators. They are concise: much is omitted, because humans tend
not to mention objects or events that they judge to be less significant. Finally,
they are consistent: in our data, annotators tend to agree on what is mentioned.
Barnard et al. name two applications for methods that link text and images:
INlustration, where one finds pictures suggested by text (perhaps to suggest il-
lustrations from a collection); and annotation, where one finds text annotations
for images (perhaps to allow keyword search to find more images) [IJ.

This paper investigates methods to generate short descriptive sentences from
images. Our contributions include: We introduce a dataset to study this problem
(section B1)). We introduce a novel representation intermediate between images
and sentences (section 21). We describe a novel, discriminative approach that
produces very good results at sentence annotation (section 2.4]). For illustration,

K. Daniilidis, P. Maragos, N. Paragios (Eds.): ECCV 2010, Part IV, LNCS 6314, pp. 15 2010.
© Springer-Verlag Berlin Heidelberg 2010
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out of vocabulary words pose serious difficulties, and we show methods to use
distributional semantics to cope with these issues (section [34]). Evaluating sen-
tence generation is very difficult, because sentences are fluid, and quite different
sentences can describe the same phenomena. Worse, synecdoche (for example,
substituting “animal” for “cat” or “bicycle” for “vehicle”) and the general rich-
ness of vocabulary means that many different words can quite legitimately be
used to describe the same picture. In section [l we describe a quantitative eval-
uation of sentence generation at a useful scale.

Linking individual words to images has a rich history and space allows only
a mention of the most relevant papers. A natural strategy is to try and predict
words from image regions. The first image annotation system is due to Mori
et al. [2]; Duygulu et al. continued this tradition using models from machine
translation [3]. Since then, a wide range of models has been deployed (reviews
in [U5]); the current best performer is a form of nearest neighbours matching [6].
The most recent methods perform fairly well, but still find difficulty placing
annotations on the correct regions.

Sentences are richer than lists of words, because they describe activities,
properties of objects, and relations between entities (among other things). Such
relations are revealing: Gupta and Davis show that respecting likely spatial re-
lations between objects markedly improves the accuracy of both annotation and
placing [7]. Li and Fei-Fei show that event recognition is improved by explicit
inference on a generative model representing the scene in which the event oc-
curs and also the objects in the image [8]. Using a different generative model,
Li and Fei-Fei demonstrate that relations improve object labels, scene labels
and segmentation [J]. Gupta and Davis show that respecting relations between
objects and actions improve recognition of each [I0[TI]. Yao and Fei-Fei use
the fact that objects and human poses are coupled and show that recognizing
one helps the recognition of the other [I2]. Relations between words in annotat-
ing sentences can reveal image structure. Berg et al. show that word features
suggest which names in a caption are depicted in the attached picture, and
that this improves the accuracy of links between names and faces [I3]. Mensink
and Verbeek show that complex co-occurrence relations between people improve
face labelling, too [14]. Luo, Caputo and Ferrari [15] show benefits of associ-
ating faces and poses to names and verbs in predicting “who’s doing what” in
news articles. Coyne and Sproat describe an auto-illustration system that gives
naive users a method to produce rendered images from free text descriptions
(Wordseye; [16];http://www.wordseye . com).

There are few attempts to generate sentences from visual data. Gupta et
al. generate sentences narrating a sports event in video using a compositional
model based around AND-OR graphs [I7]. The relatively stylised structure of
the events helps both in sentence generation and in evaluation, because it is
straightforward to tell which sentence is right. Yao et al. show some examples
of both temporal narrative sentences (i.e. this happened, then that) and scene
description sentences generated from visual data, but there is no evaluation [I§].
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<bus, park, street>
<plane, fly, sky>
<ship, sail, sea>

| . ) Avyellow bus is parking in the street.
<train, move, rail>

gt A‘ There is a small plane flying in the sky.
& <| i >

LG Loy (R An old fishing ship sailing in a blue sea.
- w The train is moving on rails close to the station.
Meaning Space An adventurous man riding a bike in a forest.
Image Space Sentence Space

Fig. 1. There is an intermediate space of meaning which has different projections to
the space of images and sentences. Once we learn the projections we can generate
sentences for images and find images best described by a given sentence.

These methods generate a direct representation of what is happening in a scene,
and then decode it into a sentence.

An alternative, which we espouse, is to build a scoring procedure that evalu-
ates the similarity between a sentence and an image. This approach is attractive,
because it is symmetric: given an image (resp. sentence), one can search for the
best sentence (resp. image) in a large set. This means that one can do both
illustration and annotation with one method. Another attraction is the method
does not need a strong syntactic model, which is represented by the prior on
sentences. Our scoring procedure is built around an intermediate representa-
tion, which we call the meaning of the image (resp. sentence). In effect, image
and sentence are each mapped to this intermediate space, and the results are
compared; similar meanings result in a high score. The advantage of doing so
is that each of these maps can be adjusted discriminatively. While the meaning
space could be abstract, in our implementation we use a direct representation
of simple sentences as a meaning space. This allows us to exploit distributional
semantics ideas to deal with out of vocabulary words. For example, we have no
detector for “cattle”; but we can link sentences containing this word to images,
because distributional semantics tells us that a “cattle” is similar to “sheep” and
“cow”, etc. (Figure [@))

2 Approach

Our model assumes that there is a space of Meanings that comes between the
space of Sentences and the space of Images. We evaluate the similarity be-
tween a sentence and an image by (a) mapping each to the meaning space
then (b) comparing the results. Figure [Il depicts the intermediate space of
meanings. We will learn the mapping from images (resp. sentences) to meaning
discriminatively from pairs of images (resp. sentences) and assigned meaning
representations.
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Fig. 2. We represent the space of the meanings by triplets of (object, action, scene).
This is an MRF. Node potentials are computed by linear combination of scores from
several detectors and classifiers. Edge potentials are estimated by frequencies. We have
a reasonably sized state space for each of the nodes. The possible values for each nodes
are written on the image. “O” stands for the node for the object, “A” for the action,
and “S” for scene. Learning involves setting the weights on the node and edge potentials
and inference is finding the best triplets given the potentials.

2.1 Mapping Image to Meaning

Our current representation of meaning is a triplet of (object, action, scene). This
triplet provides a holistic idea about what the image (resp. sentence) is about and
what is most important. For the image, this is the part that people would talk
about first; for the sentence, this is the structure that should be preserved in the
tightest summary. For each slot in the triplet, there is a discrete set of possible
values. Choosing among them will result in a triplet. The mapping from images
to meaning is reduced to learning to predict triplet for images. The problem of
predicting a triplet from an image involves solving a (small) multi-label Markov
random field. Each slot in the meaning representation can take a value from a
set of discrete values. Figure [ depicts the representation of the meaning space
and the corresponding MRF. There is a node for objects which can take a value
from a possible set of 23 nouns, a node for actions with 16 different values, and a
node to scenes that can select each of 29 different values. The edges correspond
to the binary relationships between nodes. Having provided the potentials of the
MRF, we use a greedy method to do inference. Inference involves finding the best
selection of the discrete sets of values given the unary and binary potentials.

We learn to predict triplets for images discriminatively. This requires hav-
ing a dataset of images labeled with their meaning triplets. The potentials are
computed as linear combinations of feature functions. This casts the problem
of learning as searching for the best set of weights on the linear combination of
feature functions so that the ground truth triplets score higher than any other
triplet. Inference involves finding argmax,w? ®(z,y) where @ is the potential
function, y is the triplet label, and w are the learned weights.
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2.2 Image Potentials

We need informative features to drive the mapping from the image space to the
meaning space.

Node Potentials. To provide information about the nodes on the MRF we
first need to construct image features. Our image features consist of:

Felzenszwalb et al. detector responses. We use Felzenszwalb detectors [19]
to predict confidence scores on all the images. We set the threshold such that all
of the classes get predicted, at least once in each image. We then consider the
max confidence of the detections for each category, the location of the center of
the detected bounding box, the aspect ratio of the bounding box, and it’s scale.

Hoiem et al. classification responses. We use the classification scores of
Hoiem et. al [20] for the PASCAL classification tasks. These classifiers are based
on geometry, HOG features, and detection responses.

Gist-based scene classification responses. We encode global information of
images using gist [21]. Our features for scenes are the confidences of our Adaboost
style classifier for scenes.

First we build node features by fitting a discriminative classifier (a linear
SVM) to predict each of the nodes independently on the image features. Al-
though the classifiers are being learned independently, they are well aware of
other objects and scene information. We call these estimates node features. This
is a number-of-nodes-dimensional vector and each element in this vector provides
a score for a node given the image. This can be a node potential for object, ac-
tion, and scene nodes. We expect similar images to have similar meanings, and
so we obtain a set of features by matching our test image to training images. We
combine these features into various other node potentials as below:

— by matching image features, we obtain the k-nearest neighbours in the train-
ing set to the test image, then compute the average of the node features over
those neighbours, computed from the image side. By doing so, we have a
representation of what the node features are for similar images.

— by matching image features, we obtain the k-nearest neighbours in the train-
ing set to the test image, then compute the average of the node features over
those neighbours, computed from the sentence side. By doing so, we have a
representation of what the sentence representation does for images that look
like our image.

— by matching those node features derived from classifiers and detectors
(above), we obtain the k-nearest neighbours in the training set to the test
image, then compute the average of the node features over those neighbours,
computed from the image side. By doing so, we have a representation of what
the node features are for images that produce similar classifier and detector
outputs.
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— by matching those node features derived from classifiers and detectors
(above), we obtain the k-nearest neighbours in the training set to the test
image, then compute the average of the node features over those neighbours,
computed from the sentence side. By doing so, we have a representation of
what the sentence representation does for images that produce similar clas-
sifier and detector outputs.

Edge Potentials. Introducing a parameter for each edge results in unman-
ageable number of parameters. In addition, estimates of the parameters for the
majority of edges would be noisy. There are serious smoothing issues. We adopt
an approach similar to Good Turing smoothing methods to a) control the num-
ber of parameters b) do smoothing. We have multiple estimates for the edges
potentials which can provide more accurate estimates if used together. We form
the linear combinations of these potentials. Therefore, in learning we are inter-
ested in finding weights of the linear combination of the initial estimates so that
the final linearly combined potentials provide values on the MRF so that the
ground truth triplet is the highest scored triplet for all examples. This way we
limit the number of parameters to the number of initial estimates.

We have four different estimates for edges. Our final score on the edges take
the form of a linear combination of these estimates. Our four estimates for edges
from node A to node B are:

The normalized frequency of the word A in our corpus, f(A).
— The normalized frequency of the word B in our corpus, f(B).

The normalized frequency of (A and B) at the same time, f(A,Db).
_  f(AB)
FAF(B)”

2.3 Sentence Potentials

We need a representation of the sentences. We represent a sentence by computing
the similarity between the sentence and our triplets. For that we need to have a
notion of similarity for objects, scenes and actions in text.

We used the Curran & Clark parser [22] to generate a dependency parse for
each sentence. We extracted the subject, direct object, and any nmod dependen-
cis involving a noun and a verb. These dependencies were used to generate the
(object, action) pairs for the sentences. In order to extract the scene information
from the sentences, we extracted the head nouns of the prepositional phrases
(except for the prepositions “of” and “with”), and the head nouns of the phrase
“X in the background”.

Lin Similarity Measure for Objects and Scenes. We use the Lin similarity
measure [23] to determine the semantic distance between two words. The Lin
similarity measure uses WordNet synsets as the possible meanings of each words.
The noun synsets are arranged in a heirarchy based on hypernym (is-a) and
hyponym (instance-of) relations. Each synset is defined as having an information
content based on how frequently the synset or a hyponym of the synset occurs in
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a corpus (in the case, SemCor). The similarity of two synsets is defined as twice
the information content of the least common ancestor of the synsets divided by
the sum of the information content of the two synsets. Similar synsets will have
a LCA that covers the two synsets, and very little else. When we compared two
nouns, we considered all pairs of a filtered list of synsets for each noun, and used
the most similar synsets. We filtered the list of synsets for each noun by limiting
it to the first four synsets that were at least 10% as frequent as the most common
synset of that noun. We also required the synsets to be physical entities.

Action Co-occurrence Score. We generated a second image caption data
set consisting of roughly 8,000 images pulled from six Flickr groups. For all
pairs of verbs, we used the likelihood ratio to determine if the two verbs co-
occurring in the different captions of the same image was significant. We then
used the likelihood ratio as the similarity score for the positively correlated
verb pairs, and the negative of the likelihood ratio as the similarity score for
the negatively correlated verb pairs. Typically, we found that this procedure
discovered verbs that were either describing the same action or describing two
actions that commonly co-occurred.

Node Potentials. We now can provide a similarity measure between sentences
and objects, actions, and scenes using scores explained above. Below we explain
our estimates of sentence node potentials.

— First we compute the similarity of each object, scene, and action extracted
from each sentence. This gives us the the first estimates for the potentials
over the nodes. We call this the sentence node feature.

— For each sentence, we also compute the average of sentence node features for
other four sentences describing the same images in the train set.

— We compute the average of k nearest neighbors in the sentence node features
space for a given sentence. We consider this as our third estimate for nodes.

— We also compute the average of the image node features for images corre-
sponding to the nearest neighbors in the item above.

— The average of the sentence node features of reference sentences for the
nearest neighbors in the item 3 is considered as our fifth estimate for nodes.

— We also include the sentence node feature for the reference sentence.

Edge Potentials. The edge estimates for sentences are identical to to edge
estimates for the images explained in previous section.

2.4 Learning

There are two mappings that need to be learned. The map from the image space
to the meaning space uses the image potentials and the map from the sentence
space to the meaning space uses the sentence potentials. Learning the mapping
from images to meaning involves finding the weights on the linear combinations of
our image potentials on nodes and edges so that the ground truth triplets score
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highest among all other triplets for all examples. This is a structure learning
problem [24] which takes the form of

A, 1
min o ful®+ >0 & (1)
i€examples
subject to
wP(x;,y;) + & > max w®(z;,y) + Ly, y) Vi € examples

y€meaning space
& > 0 Vi € examples

where ) is the tradeoff factor between the regularization and slack variables £, &
is our feature functions, z; corresponds to our i*" image, and y; is our structured
label for the i*" image. We use the stochastic subgradient descent method [25]

to solve this minimization.
3 Evaluation

We emphasize quantitative evaluation in our work. Our vocabulary of meaning
is significantly larger than the equivalent in [8[9]. Evaluation requires innovation
both in datasets and in measurement, described below.

3.1 Dataset

We need a dataset with images and corresponding sentences and also labels
for our representations of the meaning space. No such dataset exists. We build
our own dataset of images and sentences around the PASCAL 2008 images. This
means we can use and compare to state of the art models and image annotations
in PASCAL dataset.

PASCAL Sentence data set. To generate the sentences, we started with the
2008 PASCAL development kit. We randomly selected 50 images belonging to
each of the 20 categories. Once we had a set of 1000 images, we used Amazon’s
Mechanical Turk to generate five captions for each image. We required the an-
notators to be based in the US, and that they pass a qualification exam testing
their ability to identify spelling errors, grammatical errors, and descriptive cap-
tions. More details about the methods of collection can be found in [26]. Our
dataset has 5 sentences for each image of the thousand images resulting in 5000
sentences. We also manually add labels for triplets of (objects, actions, scenes)
for each images. These triplets label the main object in the image, the main
action, and the main place. There are 173 different triplets in our train set and
123 in test set. There are 80 triplets in the test set that appeared in the train set.
The dataset is available at http://vision.cs.uiuc.edu/pascal-sentences/.

3.2 Inference

Our model is learned to maximize the sum of the scores along the path identi-
fied by a triplet. In inference we search for the triplet which gives us the best
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additive score, argmax,w? ®(z;,y). These models prefer triplets with combina-
tion of strong and poor responses over all mediocre responses. We conjecture
that a multiplicative inference model would result in better predictions as the
multiplicative model prefers all the responses to be reasonably good. Our mul-
tiplicative inference has the form of argmaz, [[w” ®(x;,y). We select the best
triplet given the potentials on the nodes and edges greedily by relaxing an edge
and solving for the best path and re-scoring the results using the relaxed edge.

3.3 Matching

Once we predict triplets for images and sentences we can score a match between
an image and a sentence. If an image and a sentence predict very similar triplets,
they should be projections of nearby points in the meaning space, and so they
should have a high matching score. A natural score of the similarity of sentence
triplets and image triples is the sum of ranks of sentence meaning and image
meaning; the pair with smallest value of this sum is both strongly predicted by
the image and strongly predicted by the sentence. However, this score is likely to
be noisy, and is difficult to compute, because we must touch all pairs of meanings.
We use a good, noise resistant approximation. To obtain the score, we:

— obtain the top k ranking triplets derived from sentences and compute the
rank of each as an image triplet

— obtain the top k ranking triplets derived from images and compute the rank
of each as a sentence triplet

— sum the sum of ranks for each of these sets, weighted by in the inverse rank
of the triplet, so as to emphasize triplets that score strongly.

3.4 Out of Vocabulary Extension

We generate sentences by searching a pool of sentences for one that has a good
match score to the image. We cannot learn a detector/classifier for each ob-
ject/action/scene that exists. This means we need to score the similarity between
the image and sentences that contain unfamiliar words. We propose using text
information to attack this problem. For each unknown object we can produce
a score of the similarity of that object with all of the objects in our vocabu-
lary using distributional semantics methods explained in section [Z3]. We do the
same thing for verbs and scenes as well. These similarity measures work as a
crude guide to our model. For example, in Figure [f] we don’t have a detector
for “Volkswagen”, “herd”, “woman”, and “cattle” but we can recognize them.
our similarity measures provides a similarity distributions over things we know.
This similarity distribution helps us to recognize objects, actions, and scenes for
which we have no detector/classifier using objects/actions/scenes we know.

3.5 Experimental Settings

We divide our 1000 images to 600 training images and 400 testing images. We
use 15 nearest neighbors in building potentials for images and sentences. For
matching we use 50 closest triplets.
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3.6 Mapping to the Meaning Space

Table [[l compares the results of mapping the images to the meaning space, pre-
dicting triplets for images. To do that, we need a measure of comparisons between
pairs of triplets, the one that we predict and the ground truth triplets. One way
of doing this is by simple comparisons of triplets. A prediction is correct if all
three elements agree and wrong otherwise. We could also measure if any of the el-
ements in the triplet match. Each score is insensitive to important aspects of loss.
For example, predicting (cat, sit, mat) when ground truth is (dog, sit, ground)
is not as bad as predicting (bike, ride, street). This implies that the penalty for
confusing cats with dogs should be smaller than that for confusing cats with
bikes. The same argument holds for actions and scenes as well. We also need our
measure to take into account the amount of information a prediction conveys.
For example, predicting (object, do, scene) is less favorable than (cat, sit, mat).

Tree-F1 measure. Tree-F1 measure: We need a measure that reflects two
important interacting components, accuracy and specificity. We believe the right
way to score error is to use taxonomy trees. We have taxonomy trees for objects,
actions, and scenes and we can use them to measure the accuracy, relevance,
and specificity of predictions. We introduce a novel measure, Tree-F1, which
reflects how accurate and specific the prediction is. Given a taxonomy tree for,
say, objects objects, we represent each prediction by the path from the root of
the taxonomy tree to the predicted node. For example, if the prediction is cat we
represent it as Objects = animal = cat. We can then report the standard F1
measure using the precision and recall. Precision is defined as the total number
of edges on the path that matches the edges on the ground truth path divided
by the total number of edges on the ground truth path and recall as the total
number of edges on the predicted path which is in the ground truth path divided
by the total number of edges in the path. For example, the measure for predicting
dog when the ground truth is cat is 0.5 where the precision is 0.5 and recall is
0.5, the measure for predicting animal when the ground truth is cat is 0.66, and
it is 0 for predicting bike when the ground truth is cat. The same procedure
is applied to actions and scenes. The Tree-F1 measure for a triple is the mean
of the three measures for objects, actions, and scenes. Table [I] shows Tree-F1
measures for several different experimental settings.

BLUE Measure. Similar to Machine translation approaches where reports
of accuracy involves scores for the correctness of the translation and the cor-
rectness of the generated translation in terms of language and logic, we also
consider another measure to check if the triplet we generate is logically valid or
not. Analogous to the BLEU score in machine translation literature we intro-
duce the “BLUE” score which measures this. For example, (bottle, walk, street)
is not valid. For that, we check if the triplet ever appeared in our corpus or not.
Table [Il shows these scores for the triplets predicted by several different experi-
mental settings.
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Table 1. Evaluation of mapping from the image space to the meaning space. “Obj”
means when we only consider the potentials on the object node and use uniform poten-
tials for other nodes and edges. “No Edge” means assuming a uniform potential over
edges. “FW(A)” stands for fixed weights with additive inference model. This is the
case where we use all the potentials but we don’t learn any weights for them. “SL(A)”
means using structure learning with additive inference model. “FW (M) is similar
to “FW(A)” with the exception that the inference model is multiplicative instead of
additive. “SL(M)” is the structure learning with multiplicative inference.

Obj No Edge FW(A) SL(A) FW(M) SL(M)
Mean Tree-F1 for first 5 0.44 0.52 0.38 0.45 047 0.51
Mean BLUE for first 5 0.24 0.27 0.16 0.58 0.76 0.74
Mean Tree-F1 for first 5 objects 0.59 0.58 0.36 0.53 0.55 0.57
Mean Tree-F1 for first 5 actions 0.27 0.52 0.50 0.37 042 047
Mean Tree-F1 for first 5 scenes 0.28  0.48 0.28 0.44 046 0.48

4 Results

To evaluate our method we provide qualitative and quantitative results. There
are two stages in our model. First we show the ability of our method to map
from the image space to the meaning space. We then evaluate our results on
predicting sentences for images, annotation. We also show qualitative results for
finding images for sentences, illustration.

4.1 Mapping Images to Meanings

Table[llcompares several different experimental settings in terms of two measures
explained above, Tree-F1 and BLUE. Each column in Table [I] corresponds to an
experimental setting. We report average Tree-F1 and average BLUE measures
for five top triplets for all images. We also breakdown the Tree-F1 to objects,
actions, and scenes in bottom three rows of the table.

4.2 Annotation: Generating Sentences from Images

FigureBlshows top 5 predicted triplets and top 5 generated sentences for example
images in our test set. Quantitative evaluation of generated sentence is very
challenging. We trained 2 individuals to annotate generated sentences. We ask
them to annotate each generated sentence by either 1, 2, or 3. 1 means that
the sentence is quite accurate with possible little mistakes about details in the
sentence. 2 implies that the sentence have a rough idea about the image but it’s
not very accurate and 3 means that the sentence is not even remotely close to the
image. We generate 10 sentences for each image. The total average of the scores
given by these individuals is 2.33. The average number of sentences with score
one per image is 1.48. The average number of sentences with score 2 per image
is 3.8. 208 of 400 images have at least one sentence with score 1. 354 sentences
out of 400 images have at least one sentence with score 2.
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| (pet, sleep, ground) see something unexpected.

dog, sleep, ground) Cow in the grassfield.

animal, sleep, ground) Beautiful scenery surrounds a fluffly sheep.

animal, stand, ground) Dog hearding sheep in open terrain.

goat, stand, ground) Cattle feeding at a trough.

furniture, place, furniture)  Refrigerator almost empty.

furniture, place, room) Foods and utensils.

furniture, place, home) Eatables in the refrigerator.

bottle, place, table) The inside of a refrigerator apples, cottage cheese, tupperwares and lunch bags

display, place, table) Squash apenny white store with a hand statue, picnic tables in
front of the building.

(
(
(
(
(
(
(
(
(
(

(transportation, move, track) A man stands next to a train on a cloudy day
(bike, ride, track) A backpacker stands beside a green train
(transportation, move, road) This is a picture of a man standing next to a green train
(pet, sleep, ground) There are two men standing on a rocky beach, smiling at the camera.
(bike, ride, road) This is a person laying down in the grass next to their bike in
front of a strange white building.
(display, place, table) This is a lot of technology.
(furniture, place, furniture) Somebody’s screensaver of a pumpkin
il (furniture, place, furniture) A black laptop is connected to a black Dell monitor
(bottle, place, table) This is a dual monitor setup
(furniture, place, home) Old school Computer monitor with way to many stickers on it

Fig. 3. Generating sentences for images: We show top five predicted triplets in the
middle column and top five predicted sentences in the right column

A two girls in the store. Yellow train on the tracks.

o i b

Fig. 4. Finding images for sentences: Once the matching in the meaning space is es-
tablished we can generate sentences for images (annotation) and also find images that
can be best describe by a sentence. In this picture we show four sentences with four 144
highest ranked images. We provide a list of 10 highest score images for each sentence
for the test set in the supplementary material.

4.3 Illustration: Finding Images Best Described by Sentences

Not only our model can provide sentences that describe an image, but it also
can find images which are best described by a given sentence. Once the connec-
tions to the meaning space is established, one could go in both directions, from
images to sentences or the other way around. Figure[ shows examples of finding
images for sentences. For more qualitative results please see the supplementary
material.
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A male and female giving pose for camera.
A peaceful garden
The food is ready on table.

== .., 1he two girls read to drive big bullet.
Man with a goatee beard kneeling in front of a garden fence.
Lone bicyclist sitting on a bench at a snowy beach.

Black goat in a cage

Horse behind a fence

Wooly sheep standing next to a fence on a sunny day.
Fig. 5. Examples of failures in generating sentences for images.

From images to sentences From sentences to images

A red London United double-decker bus

Two young women with two little girl
near them

Fig. 6. Out of vocabulary extension: We don’t have detectors for “drives”, “women”,
“Volkswagen”, and “Cattle”. Despite this fact, we could recognize these ob-
jects/actions. Distributional semantics provide us with the ability to model unknown
objects/actions/categories with their similarities to known categories. Here we show
examples of sentences and images when we could recognize these unknowns for both
generating sentences from images and finding images for sentences.

4.4 Out of Vocabulary Extension

Figure [6] depicts examples of the cases where we could successfully recognize ob-
jects/actions for which we have no detector/classifier. This is very interesting as
the intermediate meaning space allows us to benefit from distributional seman-
tics. This means that we can learn to recognize unknown objects/actions/scenes
by looking at the patterns of responses from other similar known detector/classifiers.

5 Discussion and Future Work

Sentences are rich, compact and subtle representations of information. Even
so, we can predict good sentences for images that people like. The intermediate
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meaning representation is one key component in our model as it allows benefiting
from distributional semantics. Our sentence model is oversimplified. We think
an iterative procedure for going deeper in sentences and images would be the
right direction. Once a sentence is generated for an image, it is much easier to
check for adjectives and adverbs.
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Abstract. To learn the preferential visual attention given by humans
to specific image content, we present NUSEF- an eye fixation database
compiled from a pool of 758 images and 75 subjects. Eye fixations are an
excellent modality to learn semantics-driven human understanding of im-
ages, which is wvastly different from feature-driven approaches
employed by saliency computation algorithms. The database comprises
fixation patterns acquired using an eye-tracker, as subjects free-viewed
images corresponding to many semantic categories such as faces (human
and mammal), nudes and actions (look, read and shoot). The consistent
presence of fixation clusters around specific image regions confirms that
visual attention is not subjective, but is directed towards salient objects
and object-interactions.

We then show how the fixation clusters can be exploited for enhanc-
ing image understanding, by using our eye fixation database in an active
image segmentation application. Apart from proposing a mechanism to
automatically determine characteristic fixation seeds for segmentation,
we show that the use of fixation seeds generated from multiple fixation
clusters on the salient object can lead to a 10% improvement in segmen-
tation performance over the state-of-the-art.

1 Introduction

The past decade has seen tremendous progress in the field of image understand-
ing and retrieval. Breakthroughs have been achieved in robustly detecting and
characterizing image objects [II2], as well as in classifying scenes from image
and video [3J4]. Nevertheless, computer vision’s goal to ‘enable computers to see
what humans see’ currently seems out of reach, and contemporary algorithms
are focused on accurately interpreting and deriving a bag of keywords [5l6] for
visual content.

Since human cognition is designed to process only limited information at
any given time, our understanding of images is influenced by what we attend
to, termed visual attention. Significant recent research has been devoted to
understanding human visual attention. Through an urn model for object recall,
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the authors in [7] demonstrate the inherent order of ‘importance’ assigned by
human observers to scene objects. Most recently, the need for an eye-tracking
database to train a model to predict where humans would look at in an image,
is discussed in [8]. The database is motivated by the fact that human-observed
‘regions of interest’ are driven by top-down (task/semantics-based) as well as
bottom-up (content/feature-based) processing, and generally don’t match those
predicted by image saliency computation methods [QTOTTIT2/T3T4].

In this paper, we present NUSEF- a database of eye-fixations compiled using
an eye-tracker from a pool of 75 subjects and 758 images, spanning a large num-
ber of semantic categories. While [8] presents an eye-fixation database to learn
what viewers attend to in everyday scenes, our database consists of a significant
number of semantically affective (emotion-evoking) images. We believe that the
analysis of visual attention for affective content can add a new dimension to eye-
tracking research, and also offer interesting insights into how eye fixations are
driven by image semantics- for e.g., normal (neutral, smiling) faces are viewed
differently from strongly expressive (surprise, disqust) faces and there are char-
acteristic fixation patterns for images depicting actions (such as look, read and
shoot) [15].

Our experimental results indicate that eye fixations are heavily influ-
enced by image semantics and are consistently specific to salient (most
important/meaningful) scene objects and object-interactions, which we call
attentional-bias. Since the fixation data was acquired as subjects free-viewed
images (i.e, in the absence of any pre-specified task), this observation is in con-
trast to the long-standing argument that top-down content processing by hu-
mans is subjective, and therefore, prone to extensive variability. Indeed, similar
observations are also made in [16], where the authors argue that visual attention
is essentially guided by recognized objects, with low-level saliency contribut-
ing only indirectly. We hope that this fixation database will particularly benefit
members of the vision, multimedia, cognitive science and HCI communities.

Also, viewers exhibit exploratory behavior and attend to multiple regions-of-
interest, as they observe salient objects. For e.g., in face images, fixations are
not concentrated around the center of the face but spread around the eyes, nose
and mouth. We demonstrate how this phenomenon can be exploited for enhanc-
ing image understanding, using active image segmentation as an example. An
algorithm for automatically segmenting the image region containing a fixation
point is described in [I7]. Employing the fixation point as a representative seed
for the foreground object, the set of boundary edges around the fixated region
are computed through energy minimization in polar space to produce promising
results. While the authors claim that the fixation can be any random point in
the object’s interior, no methodology is provided to automatically select fixation
points. On the contrary, a manually annotated point is taken as the fixation
seed. Using acquired fixation patterns, we (i) propose a mechanism to automat-
ically select the fixation seed and (ii) show how viewer’s exploratory behavior
can be exploited to generate multiple fixation seeds for segmentation, thereby
contributing to a tremendous improvement in segmentation performance.
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To summarize, the main contributions of this paper are the following;:

1. A rich database of eye fixations for an image set spanning a comprehen-
sive list of semantic categories, including a significant number of affective
images. We believe that our eye fixation database, along with [8], will offer
an excellent repository of ground truth data for visual attention and image
understanding research.

2. Exploiting the attentional bias, or the clustering of fixations around the
salient object, to automatically generate the fixation seed for active image
segmentation.

3. Improving on the active segmentation performance achieved in [17] by 10%,
upon generating multiple fixation seeds for segmentation within the salient
object.

The paper outline is as follows. The next section describes acquisition, content,
and other key characteristics of the eye fixation database. Section 3 discusses how
attentional bias is exploited to improve the performance of active segmentation,
along with the experimental results. We end with the main conclusions and
directions for future work in Section 4.

2 Eye Fixation Database

The NUSEF (NUS Eye Fixation) database was acquired from undergraduate
and graduate volunteers aged 18-35 years (u=24.9, 0=3.4). The ASLTM eye-
tracker was used to non-invasively record eye fixations, as subjects free-viewed
images. We chose a diverse set of 1024 x 728 resolution images, representative of
various semantic concepts and capturing objects at varying scale, illumination
and orientation, based on quality and aspect ratio constraints. Images comprised
everyday scenes from Flickr, aesthetic content from Photo.net, Google images and
emotion-evoking TAPS [I8] pictures. The images and Matlab code to visualize
the image-wise and user-wise fixation characteristics have been made available
at hitp://mmas.comp.nus.edu.sg/NUSEF.html.

2.1 Data Collection Protocol

From a collection of 1000 images, subjects were asked to view a random set of
400 images, over two passes, separated by a 10 minute interval. Each image was
presented for 5 seconds and followed by a gray mask for 2 seconds, in order
to destroy image persistence. The eye-tracker system consists of an infra-red
sensing camera, placed alongside the computer monitor, at a distance of about
30 inches from the subject. Images were presented on a 17 inch LCD monitor,
with a screen resolution of 96 dpi. Upon 9-point gaze calibration, the eye-tracker
is accurate within the nearest 1° visual angle at 3 feet viewing distance, which
translates to an error radius of around 5 pixels on screen. The screen locations

! Except for copyrighted IAPS images, which may be obtained upon request from
http://csea.phhp.ufl.edu/media/. IAPS-image IDs are provided, instead.
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Table 1. Image distribution for NUSEF based on semantic category

Semantic Image Image

Category Description Count

Face Single or multiple human/mammal faces. 7

Portrait Face and body of single human/mammal. 159

Nude 41

Action Images with a pair of interacting objects (as in 60
look, read and shoot).

Affect- Group of 2-3 images with varying affect. 46

variant group ) o

concepts ’ ’ '

that the subject observes (termed point-of-gaze), are sampled at 30 Hz, and
processed to generate the coordinates and duration for every fixation. A fixation
point represents the screen location where the point-of-gaze remains within 2°
visual angle for at least 100 milliseconds.

2.2 Image Content

The NUSEF database was compiled from images that were viewed by at least 13
subjects (containing a minimum of 50 fixations). Table [I] presents NUSEF’s se-
mantic category-based image distribution, while Table [2] compares our database
to MIT’s eye-tracking data [8]. Every image was viewed by an average of 25
subjects and over 57% of the images were viewed by more than 20 subjects.
Therefore, the database provides statistically rich ground truth for image under-
standing applications.

Figlll shows the fixation patterns for various semantic image categories. Fix-
ations are denoted by circles of varying sizes and gray-levels. The circle sizes

Table 2. Comparison between MIT database [8] and NUSEF in a nutshell

Average # .
Database , viewers per Semantics Remarks
images .06

MIT [§] 1003 15 Everyday scenes Fixations are found around
from Flickr and faces, cars and text. Many
LabelMe fixations are biased to-

wards the center.

NUSEF 758 25.3 Expressive face, Attentional-bias towards
nude, action, salient objects and object-
reptile and interactions. Fixations
affect-variant are strongly influenced by

group scene semantics.
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are indicative of the fixation duration at the point-of-gaze, while the gray-levels
denote fixation starting time during the 5 second image presentation period. Ev-
idently, a majority of the later fixations are around salient objects/regions even
if early fixations may be influenced by other factors (image center, brightness,
etc.). Low-level saliency drives visual attention in contextless indoor and outdoor
scenes (Figlll(a,b)). As also noted in [§], fixations are observed around specific
regions like the eyes, nose and mouth for faces (Figllic,d,e,f)). For neutral and
smiling faces, attention is distributed almost equally between the upper (eyes)
and lower (nose+mouth) halves of the face, while fixations are biased towards
the lower half in highly expressive (angry, surprise, disgust) faces ((Figll(d))
(fixation statistics in [15]).

Semantic image categories unique to NUSEF include nudes, actions such as
look, read, shoot, and affect-variant groups, which comprise a set of 2-3 images
with similar content, but with each image inducing a different affect (e.g., pleas-
ant, neutral and unpleasant). Faces attract maximum attention in human and

Fig. 1. Exemplar images from various semantic categories (top) and corresponding
gaze patterns (bottom) from NUSEF. Categories include Indoor (a) and Outdoor (b)
scenes, faces- mammal (c) and human (d), affect-variant group (e,f), action-look (g)
and read (h), portrait- human (i,j) and mammal (k), nude (1), world (mn), reptile (o)
and injury (p). Darker circles denote earlier fixations while whiter circles denote later
fixations. Circle sizes denote fixation duration.
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mammal portraits (Figllli,j,k)), whereas most fixations occur on the body for
nudes (Figlll1)). Action images (Figll{g,h)) are characterized by frequent fix-
ation transitions between interacting objects, with more transitions occurring
from the action recipient to the action source [I5] (e.g. Man and book are ac-
tion source and recipient respectively in Figlllh)). Affect-variant groups allow
for a closer analysis of attentional bias, when objects are introduced/deleted
in/from the image. The injured/missing eye in Fig[lie) attracts the most at-
tention, while the fixation distribution is more typical when the missing eye is
replaced using image manipulation techniques in Fig[I(f). Fixations are observed
around living beings in world images Figll(1,m), as well as unpleasant concepts

such as reptile (Figlllo)) and injury (Figp)).

2.3 Analysis of Visual Attention Characteristics

Based on the fixation patterns observed for various semantic image categories,
we summarize the following about human visual attention characteristics:

1. Human visual attention is undoubtedly influenced by image semantics. Ex-
cept for contextless indoor and outdoor scenes, fixation clusters are clearly
observed around salient objects/regions, and we term this phenomenon
as attentional-bias. Concepts such as living beings, faces, etc. are salient,
and generally attract considerable visual attention. Also, it appears that
attentional-bias is independent of illumination, orientation as well as scale
of the salient object/concept. This is evident from Fig{l{m,n), where over
90% of the total fixations are observed within 5% of the image area.

2. Scale of the object-of-focus and underlying semantics determine the salient
image concept(s). Faces are salient in portraits, and within the face, the eyes,
nose and mouth are salient. Unpleasant concepts such as reptiles, blood and
injury, considerably influence visual attention whenever present. The fact
that recognized concepts drive visual attention adds support to the theory
that visual attention and object recognition are concurrent processes, and
this is an interesting topic of research in the cognitive science community.

3. Visual attention patterns for action images are characterized by extensive
fixation transitions between interacting objects. This inference is useful for
characterizing actions, which otherwise cannot be detected using vision-
based approaches. The observed fixation patterns are useful for developing
a model to predict interesting regions in unknown images [g], or to localize
the spatial locations of salient objects and actions [15].

4. Fixations around different ‘regions of interest’ confirm the exploratory be-
havior exhibited by the viewers, as they attend to salient content. This is
particularly useful as human cognition can identify two content-wise dissim-
ilar (due to differing color, texture etc.) image regions, as components of
the same semantic entity. Overlap of the fixations corresponding to the two
regions offer us vital cues, which can be exploited for enhancing automated
image understanding. In the next section, we present one such example where
the various fixation clusters observed on an object of interest are processed
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to generate multiple fixation seeds for active image segmentation. Employ-
ing multiple fixation seeds instead of one for active segmentation is found to
enhance segmentation performance tremendously.

3 Enhancing Active Image Segmentation with Multiple
Fixations

Even as visual attention is specific to salient objects, all the fixations on the
salient object are generally not restricted to a specific region. Instead, fixations
tend to cluster around regions-of-interest within the salient object. If multiple,
spatially overlapping, fixation clusters can be discovered from fixation patterns,
information from the various clusters can be integrated to infer properties of
the entire object. As an exemplar application, we demonstrate how statistically
rich fixation data from NUSEF can be utilized to enhance fixation-based active
segmentation.

A fixation-based image segmentation scheme, whose objective is to compute
the enclosing contour containing the fixation point, has been recently proposed
in [I7]. Based on the premise that the human eye invariably fixates within the
interior of an object, the algorithm attempts to find the set of boundary contours
surrounding the fixation. Upon computing the probabilistic boundary edge map
to determine the likelihood of an edge pixel being on an actual depth boundary
through a combination of monocular, stereo and motion cues, the algorithm
proceeds by transforming the edge-map onto polar space, with the fixation point
at the pole. The polar space transformation is carried out in order to avoid the
problem of graph-cut approaches preferring shorter contours over longer ones,
so as to obtain the ‘real’ boundary contours.

Segmentation, then becomes the problem of finding the optimal cut through
the polar edge map, so that edge pixels to the left of the cut are inside the fixation
region, while those to the right are outside. An energy function is defined for
assigning binary labels '0’ and ’1’ to pixels inside and outside respectively, and
the optimal segmentation is obtained as the graph-cut that minimizes the energy
function.

3.1 Algorithm Analysis

While the segmentation procedure proposed in [17] is intuitive and the achieved
segmentation performance is better than or comparable to other contemporary
algorithms [T920021], the fixation-based active segmentation scheme suffers from
the following shortcomings:

i. The active segmentation algorithm relies on a solitary fixation seed, which it
considers to be representative of the foreground object (object-of-interest).
This is not true of real fixation data as in general, humans tend to fixate at
multiple locations on the object of interest (such as eyes, nose and mouth
on a face). Intuitively, segmentation achieved from multiple fixations should
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be more accurate and robust compared to the segmentation achieved using
a solitary fixation.

ii. While the fixation point is assumed to be any random point within the
interior of the object, there is no methodology provided to automatically
select the fixation points. Instead, the algorithm requires the user to input
the fixation point. Automatic selection of the fixation seed should be trivial
with real fixation data, as most fixation points should lie within the salient
object. At the least, the centroid of the fixation points can be safely assumed
to lie within the foreground.

iii. In some cases, using multiple fixation seeds can enable a more accurate
segmentation. The authors do not discuss how segments obtained from more
than one fixation seed within the same object may be combined to generate
the foreground segmentation.

To investigate the hypothesis that multiple fixations available from real eye-
fixation data should enhance segmentation performance, and to exploit the

Fig. 2. Enhanced segmentation with multiple fixations. The first row shows the nor-
malized fixation points (yellow). The red 'X’ denotes centroid of the fixation cluster
around the salient object, while the circle represents the mean radius of the cluster.
Second row shows segmentation achieved with a random fixation seed inside the object
of interest[I7]. Third row contains segments obtained upon moving the segmentation
seed to the fixation cluster centroid. Incorporating the fixation distribution around the
centroid in the energy minimization process can lead to a ‘tighter’ segmentation of the
foreground, as seen in the last row.
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Fig. 3. More fixation seeds are better than one- Segments from multiple fixation clus-
ters can be combined to achieve more precise segmentation as seen for the (a) portrait
and (b) face images. The final segmentation map (yellow) is computed as the union of
intersecting segments. Corresponding fixation patterns can be seen in Figlll

fixation clusters around salient objects owing to attentional bias, we performed
the following experiments:

(a)

To determine whether the segmentation performance of [I7] is indeed sta-
ble and accurate irrespective of the fixation location, we obtained the output
segments for 20 randomly selected fixation seeds from within the hand-drawn
segmentation maps for 80 NUSEF images. The baseline segmentation perfor-
mance is determined as the mean value of the F-measure for the 20 segments
obtained from the random seeds. The F-measure, which is used as a measure
of the segmentation performance accuracy, is defined as:

F=2PR/(P+R) (1)

where P and R denote precision and recall respectively. P denotes the frac-
tion of the segmentation output overlapping with the ground truth, while R
represents fraction of the ground-truth overlapping with the output segment.
Considering the set of all fixation points for a given image, a characteris-
tic fixation seed is generated as the centroid of the largest fixation cluster.
This allows for the fixation seed to be computed automatically from real
fixation data, and since the NUSEF contains statistically rich fixation data,
the segmentation output for this characteristic seed, should be more stable
than that obtained with a random fixation. Also, as seen from Figs[2] and [3]
the centroid of the largest fixation cluster generally lies within the salient
object, and therefore, the segmentation output with the centroidal fixation
seed should be comparable to that obtained in (a). As seen from Fig[2l (rows
2 and 3), using the centroidal seed can sometimes produce a more desirable
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segmentation. The largest fixation cluster is computed as follows. In order
to account for the fixation duration at every fixated location, each fixation
is weighted by the minimum fixation duration in order to generate a cor-
responding number of ‘normalized fixation points’ within a Gaussian kernel
around the fixation location (this is the inverse of how a fixation is com-
puted). Agglomerative hierarchical clustering is then employed to remove
outliers and retain 90% of the original points based on Euclidian distance
from the cluster center.

(c¢) As fewer fixations are observed as we travel radially away from the centroid,
the fixation distribution around the centroid can be used as a reliable esti-
mate of the foreground expanse. We recomputed the output segmentation by

Algorithm 1. Pseudo-code for (a), (b), (c), (d)
Steps in (a)
- Using [I7], obtain segments for 20 random fixation seeds chosen from within the
ground-truth segmentation.
- Compute F' as the mean of the F-measures for the 20 segments (using Eq. [J).
Steps in (b)
- (i) for all fixation points fp, compute weightys, = (fization duration at fp)/100
(min fixation duration). Sample weighty, points within a Gaussian kernel around
fp to generate normalized fixation points.
- (ii) Employ hierarchical clustering to compute the biggest fixation cluster based on
Euclidian distance criterion.
- Use the centroid of this cluster as the fixation seed and invoke [I7] to obtain the
segmentation output.
- Compute F using Eq. [
Steps in (c)
- Perform step (i) to compute the normalized fixation point locations.
- Perform step (ii) to compute the biggest fixation cluster.
- (iif) Compute the centroid and assign rmeaqn as the mean distance of all points from
the cluster centroid.
- (iv) Use the centroid of this cluster as the fixation seed for [17].
- (v) for all edge pixels p beyond 2 * rmean distance from the fixation centroid,
reset the labeling cost as Up(l, = 0) = D and Up(l, = 1) = 0. This initialization
discourages segmentation algorithm from labeling pixels outside 2 * rpeqan distance
as being ’inside’ the fixation region.
- (vi)Perform the energy minimization to obtain the segmentation output.
- Compute F using Eq. [
Steps in (d)
- Perform steps (i),(ii) to compute the biggest fixation cluster.
- Compute sub-clusters within this cluster such that minimum cluster size > Dyin
and distance between cluster centers > Dy,in, again employing agglomerative clus-
tering.
- Repeat steps (ii), (iii), (iv), (v), and (vi) for all sub-clusters.
- Integrate the segments obtained from the various clusters in the final segmentation
map by computing the union of segments having more than 10% overlap.
- Compute F using Eq. [
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incorporating this information in the energy minimization process. In particu-
lar, we re-initialize the labeling cost U(.), so that all edge pixels at a distance
greater than r; from the centroid are deemed to be outside the foreground,
ie., Up(lp = 0) = D and Up(l, = 1) = 0 Vp such that, r, > ;. Setting
Tt = 2Tmean, Where I'yeqn 1S the mean cluster radius from the centroid, works
well for most images in practice. Incorporating fixation distribution informa-
tion in the energy minimization process leads to a ‘tighter’ and more accurate
foreground segmentation for difficult cases where the foreground-background
similarity is high (Figl2 fourth row).

(d) Penalizing the spread of the ’inside’ region beyond 7, can at times, force the
graph-cut algorithm to limit the foreground boundary at textural edges. In
such cases, integrating the segmentation maps obtained from sub-clusters
within the main cluster can lead to the optimal segmentation (Fig[]). From
the main fixation cluster, we again employ agglomerative clustering to dis-
cover all sub-clusters that have a minimum membership (at least 5% of the
total fixations) and whose centroids are separated by a minimum distance
(100 pixels). The segmentation map for each cluster is computed as in (c),
and we compute the final segmentation map as the union of segments that
have at least 10% overlap.

The pseudo-code summarizing the steps involved in (a), (b), (¢) and (d) is pro-
vided in Algorithm [

3.2 Results and Discussion

Performance evaluation to evaluate the effect of (a), (b), (¢) and (d) was done
on 80 NUSEF images, each comprising only one salient object. The data es-
sentially corresponded to the following semantic categories- Face, portrait, world
and nude, and included a number of challenging cases, where the foreground and
background are visually similar.

As mentioned previously, the F-measure is used for evaluating segmentation
accuracy. For the baseline method, the mean F-measure for the segmentation
outputs produced from 20 random seeds was computed, while in all of (b), (c)
and (d), a single segmentation output is produced for which the F-measure is
computed. The F-measure scores for segmentation procedures (a), (b), (¢) and
(d) are tabulated in Table Bl

Table 3. Performance evaluation for segmentation outputs from (a), (b), (¢) and (d)

Procedure F-measure (mean + variance)

(a) 0.6 + 0.05
(b) 0.59 + 0.06
(c) 0.60 & 0.04

(d) 0.66+ 0.04
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Fig. 4. F measure plot for 80 images. The legend is as follows - red baseline and green
- Integration of segments obtained from multiple sub-clusters.

The F-measure scores for (a), (b) and (c) are found to be almost similar.
While the fixation seeds for (a) were randomly picked from the hand-segmented
ground truth, the seeds for (b) and (c) were automatically obtained from the fix-
ation data. The fact that the segmentation performance obtained from all three
procedures are comparable implies that our methodology for determining the
fixation seed is valid. While incorporating the fixation distribution information
in the segmentation framework can isolate the foreground more accurately for
difficult cases (shown in Fig[), it also causes the graph-cut algorithm to draw
the boundaries along the edges closest to the fixation, sometimes leading to ineffi-
cient segmentation. Nevertheless, this deficiency can be overcome by considering
overlapping segments obtained from multiple fixation clusters whose centers are
sufficiently far away from one another, as in (d).

FigH presents the F-measure plots for segmentation procedures (a) and (d).
Clearly, the segmentation performance obtained using multiple fixation seeds
is better than that obtained from a random fixation point for most images.
This is because segments are conservatively computed in the multi-fixation seed
case using the cluster spread as a cue, and then integrated to produce the final
segmentation map. However, in some cases where spurious segments are picked
up, the segmentation performance using multi-fixation seeds also falls. Overall, a
significant 10% improvement in segmentation performance is obtained on using
multiple seeds obtained from actual fixation data for segmentation as against a
random fixation seed.

4 Conclusion and Future Work

This paper presents NUSEF- an eye fixation database acquired for images cor-
responding to many semantic categories, including affective content, in which
visual attention is strongly driven by image semantics. The acquired fixation
patterns confirm the hypothesis that eye fixations are influenced by salient image
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content, and are largely independent of the viewer-specific preferences. We be-
lieve that this database would be particularly beneficial for visual attention and
image understanding-related research. The fact that viewers show exploratory
behavior while observing salient content, thereby generating clusters around in-
teresting regions, is then exploited to enhance the segmentation performance
achieved by the fixation-based active segmentation algorithm by as much as
10%.

Future work involves formalizing the segmentation procedure, which is cur-
rently based on certain heuristics. If fixation data can be efficiently used for
object segmentation, it would benefit a number of vision and graphics applica-
tions such as content-based image retrieval and seam carving. Characterization
of image data based on gaze patterns (e.g. action vs non-action images) is an-
other direction for future work.
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Abstract. A face image relighting method using locally constrained global
optimization is presented in this paper. Based on the empirical fact that
common radiance environments are locally homogeneous, we propose to use an
optimization based solution in which local linear adjustments are performed on
overlapping windows throughout the input image. As such, local textures and
global smoothness of the input image can be preserved simultaneously when
applying the illumination transformation. Experimental results demonstrate the
effectiveness of the proposed method comparing to some previous approaches.

Keywords: face image, relighting, illumination, optimization, ratio image.

1 Introduction

Photo-realistic re-rendering of images under lighting condition changes has attracted a
lot of attention in the computer graphics and computer vision community during the
past decade. Especially, the relighting of human face images has been very extensive-
ly studied because of its wide range applications in face recognition and film produc-
tion. The challenge of such a problem resides in the complex and individual shape of
the human face, the subtle and spatially varying reflectance properties of skin, and the
extreme sensitivity of the human perception system towards the appearance of other
people’s faces [1].

The problem of image based face relighting can be stated as follows: given an im-
age of a target face, determine the appearance of this face under a lighting condition
different from that in the given image. In general, such a problem is difficult and the
exact solution usually cannot be achieved. Assumptions have to be made on the prop-
erties of the target face, the constraints of the lighting condition, or the availability of
additional information. In the inverse lighting based methods, the 3D model and the
albedo of the target face are assumed to be known [1,2]. In the quotient image based
method proposed by Shashua and Raviv, it is assumed that different people’s faces
share the same 3D shape and differ only in their albedo [3]. By approximating the
face as a convex Lambertian object, face images under a wide variety of lighting
conditions approximately lie on a low-dimensional linear subspace using the spherical
harmonic representation [4,5]. Such a finding has been adopted in the 3D spherical
harmonic basis morphable model based relighting method proposed in [6], as well as

K. Daniilidis, P. Maragos, and N. Paragios (Eds.): ECCV 2010, Part IV, LNCS 6314, pp. 44 010.
© Springer-Verlag Berlin Heidelberg 2010
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in the Markov Random Field (MRF) based relighting method proposed in [7]. In the
face relighting system proposed in [8], the albedo of the reference subject and the
lighting condition of the given target face image are known. Actually, the cross sub-
ject reflectance transfer in [8] also implicitly assumes that that shape of the reference
face and target face are identical after image warping.

In this paper, we focus on the face image relighting problem using the following
configuration. Suppose images of a reference face under two lighting conditions are
available. Given an image of the target face under the first lighting condition, generate
an image of the target face which looks as if it is taken under the second lighting con-
dition. Intuitively, such a configuration is very close to the one studied in [8]. Howev-
er, they differ in mainly two aspects. Firstly, the first lighting condition is unknown in
our configuration. Secondly, the two reference images are really taken under different
lighting conditions instead of been generated using a single reflectance model as is
practiced in [8]. We will demonstrate that these differences change the characteristic
of the problem so that the ratio image based method adopted in [8] cannot be directly
applied. The objective of our method is to preserve facial details as well as minimiz-
ing artifacts while generating a photo-realistic relighting effect. The foundation of our
method is the empirical fact that real life radiance environments are usually locally
homogeneous. Hence neighboring pixels in the image can be combined to impose
local constraints on small overlapping windows when applying global illumination
transformation. As such, the face image relighting problem can be converted to a
locally constrained global optimization problem, for which an efficient solution exists
based on solving a large scale sparse linear system.

The rest of this paper is organized as follows. In the next section, we review pre-
vious work related to this topic. In section 3, we introduce a straightforward solution
to this problem and explain why it cannot produce satisfactory results. Section 4
presents the proposed method and its implementation. Experimental results and com-
parisons are demonstrated in section 5. Section 6 concludes our work.

2 Related Work

Image re-rendering has been an active research topic in the field of computer vision
and computer graphics. Marschner et. al. modeled the light as being emitted by a large
sphere surround the object, and assumed the linearity of the light. With the known
geometry and albedo of the object, a least-square system was used to find the distribu-
tion of light incident on the object in a given image. The ratios of synthesized images
under different lighting conditions were then used to modify the original image to
generate the relighting effect [2]. A system for measuring the geometry and albedo of
human faces was further proposed in [9], in which a displacement-mapped subdivi-
sion surface is used to model face surface, and a BRDF measuring method was used
to determine the albedo. The idea of the ratio image between synthesized images was
later used in the film post-production system presented in [8] for solving the perfor-
mance actor relighting problem in motion pictures. A high resolution and high dy-
namic range image database was used in this system for image synthesis. Shashua and
Raviv proposed the notion of a quotient image for face relighting and recognition. By
modeling human faces as Lambertian surfaces and by using the fact that the image
space of Lambertian objects can be modeled using a low-dimensional representation,
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they proposed a method calculating a object invariant signature, namely the quotient
image, using a bootstrap dataset consisting of reference face images taken under three
independent lighting conditions [3]. They also assumed fixed viewpoint, no cast sha-
dow and no dense correspondence. Stoschek further combined the quotient image
with image morphing to generate relit faces under changing poses [10]. Liu et. al.
extended the idea of ratio image to the re-rendering problem due to people’s expres-
sion change and proposed an expression ratio image [11]. The radiance environment
map was adopted by Wen et. al. in face relighting under rotating lighting environ-
ments [12]. The spherical harmonics representation was used to approximate a ra-
diance environment map from one or more images of a sphere. The radiance map
based methods, however, ignore cast shadows and inter-reflections on faces. Using
spherical harmonic to represent lighting functions on the surface of a sphere was in-
dependently proposed by Basri et. al. [5] and Ramamoorthi et. al. [13,14]. Both work
analytically proved that under any lighting conditions, a nine-dimensional linear sub-
space accounts for most of the variability in the reflectance function for convex Lam-
bertian surfaces. In the MRF based face relighting method, this nine-dimensional
approximation was used for solving the lighting function for faces when the surface
normal are available [7]. Lee et. al. further pointed out the existence of a physical
setup of nine single light sources under which the face images well span the space of
all face images under different lighting conditions [15].

Dense correspondence between reference images and the target face image is re-
quired in our method. In [8], easily detectable points such as eye corners and mouth
corners were used as control points for the image warping in which a local histogram
adjustment was also applied. In our method, we build a 105 point Active Appearance
Model (AAM) for human faces. Different face images are aligned based on the AAM
model fitted to them. As a generative parametric model describing both shape and
appearance variations of objects, AAM was first proposed in [16], in which a Gauss-
Newton process is used for the model fitting. Matthews and Baker proposed an effi-
cient AAM fitting algorithm that did not require a linear relationship between the
image difference and the model parameter difference [17]. This model has faster con-
vergence and better fitting accuracy than the original AAM [16]. Donner et. al. pro-
posed another fast AAM using canonical correlation analysis (CCA) that models the
relation between the image difference and the model parameter difference for improv-
ing the convergence of the fitting algorithm [18]. In our work, a modified AAM fit-
ting algorithm similar to the one proposed in [17] is used to perform dense correspon-
dence between face images.

3 A Relighting Approach and Its Problems

The face relighting problem discussed in this paper is close to the one presented in the
film post-production system in [8]. There are two human faces among which one is
used as the reference face and the other is the target face to be relit. Two images of
the reference face under two unknown lighting conditions, A and B, are given. We
denote these two images as 12 and 1P respectively. An input image I# of the target
face taken under the lighting condition A or a lighting condition that is similar to A is
given. The face relighting task is to generate an image IP that appears as if it is an
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image of the target face taken under the lighting condition B or a lighting condition
that is very similar to B. Usually, the reference face and the target face are from dif-
ferent subjects. Nevertheless, same-subject face relighting also make sense consider-
ing the possible pose/expression/age variations [8]. Peers et. al. solved these two
kinds of problem under the same framework and so do us.

Such a face relighting problem is practically meaningful in many scenarios besides
the film production application discussed in [8]. For instance, in the field of face rec-
ognition, most databases, especially large scale databases consisting of millions of
users, only contain face images taken under the standard frontal lighting condition.
Only very few research oriented databases [19,20], which are usually small in size,
include face images taken under various lighting conditions. By applying face relight-
ing described above, the illumination variations in the research oriented databases can
be transferred to other databases for generating large scale simulated face databases
containing illumination variations. These simulated databases can possibly be used for
large scale study of the illumination robustness of face recognition technologies.

Fig. 1. Face relighting using a ratio image based method used in [8]. (a) The reference face
image I2 fitted by an AAM model. (b) The reference image 1B. Reference images are from the
Yale face database [19]. (c) The warped reference image L(I,‘f‘). (d) The warped reference
image L(IB). (e) The ratio image T. (f) The input image of the target face I2. (g) The relighting
result using unfiltered ratio image. (h) The relighting result using Gaussian filtered ratio image.
(1)-(1) are the gamma-enhanced detail of the chin areas of images (e)-(h). (The image of Cary
Grant is available at http://www.answers.com/topic/cary-grant-large-image.)
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Fig. 2. Face relighting results for excessive expression change. Fig. 1(a) and Fig. 1(b) are used
as references. (b) Relighting result using unfiltered ratio image. (c) Relighting result using
Gaussian filtered ratio image. (d)-(f) are the gamma-enhanced detail of the mouth areas of (a)-
(c). (The image of George Clooney is available at http://www.grrltv.com/2009/01/.)

A straightforward solution to the proposed problem is the ratio image based re-
lighting method used in [8]. Firstly, corresponding facial landmark points are located
using AAM fitting [17] on the three face images: 12, 1B and I2. Next, the two refer-
ence images, 12 and 1B are warped to the same pose and expression as the input
target image I#. This can be easily done by first applying triangulation and then using
the piece-wise affine transformation or the thin-plate splines [21]. We denote the
warped reference images as L(I2) and L(IP) respectively. A ratio image T is com-
puted by dividing each pixel in L(IB) by the corresponding pixel in L(I2), or
T = L(IB)/L(I2). Divisions by zero can be replaced by small numbers. Finally, a
relit image is generated as the Cartesian product between the ratio image and the input
target image, or I = T ® I#. A color image can be first decomposed into the hue,
saturation, and gray-value components. The relighting process is applied to the gray-
value component only. The relit color image is achieved by composing the original
hue and saturation components, and the newly generated gray-value component.

Fig. 1 shows an example of the relighting method described above. Fig. 1(g) clear-
ly reveals the problem of such an approach: although in the input image, Cary
Grant is pretty clean-shaven, beards are quite obvious in the relit image. Artifacts
besides the beards are also noticeable in the relit image. Basically, these artifacts are
introduced by the ratio image as is shown in Fig. 1(i). Through Cartesian product,
artifacts in the ratio image are directly transferred to the relighting result. In fact, the
formation of these artifacts is quite complicated. Firstly, since the two reference im-
ages are not taken at the same time, the difference between the two images may not be
solely caused by the lighting condition change. Variation in the albedo of the face
surface caused by factors such as the skin condition change, the facial hairs move-
ments and so on, may introduce false texture information into the ratio image. Such a
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phenomenon may be further intensified by the specularity in certain facial areas. Se-
condly, errors are inevitable during the dense correspondence and face image warp-
ing, which will also bring about alignment artifacts. In the relighting system described
in [8], these problems are negligible in key frames for which the references images
are rendered from exactly the same reflectance field, leading to a strictly accurate
dense correspondence when calculating the ratio image.

Applying low pass filtering to the ratio image is an handy solution to this problem.
Fig. 1(h) shows the relighting result after filtering the ratio image using a Gaussian
filter with a standard deviation o = 2.0. The artifacts are somewhat smoothed out,
but are still observable. Nevertheless, such a low pass filtering method has two critical
problems. Firstly, it may suppress some high frequency textures in the target image.
Secondly, it does not work for low frequency artifacts. Fig. 2 illustrates these prob-
lems in relighting a face image with excessive expression changes. In Fig. 2(f), the
genuine beards of George Clooney are obviously blurred, and the low frequency arti-
facts on the teeth are still there.

To solve these problems, we propose to substitute the Cartesian product step with a
locally constrained global optimization process which can globally adjust the illumi-
nation distribution of the target image while preserving local details and isolating
artifacts in the ratio image.

4 The Proposed Method

Under the assumption that the human face is Lambertian, a face image can be de-
scribed by the product of the albedo and the cosine angle between a point light source
and the surface normal: 1(i) = p(i)n(i)Ts, where 0 < p(i) < 1 is the surface reflec-
tance associated with pixel i, n(i) is the surface normal direction associated with
pixel i, and s is the light source direction whose magnitude is the light source inten-
sity [3]. Let’s study a small local window w < I. Suppose that the light source is
fairly far away from the face and consider the empirical fact that human face surface
is locally smooth. We have n(i)Ts = n(j)Ts for any i,j € w, or w(i) =~ kp(i) for any
i € w, where x is a nonnegative constant associated with the local window. Such a
linear relationship holds when the light source varies from s; to s,. Accordingly we
have w, (i) = k;p(i) and w,(i) = k,p(i). Subsequently, w,(i) = aw, (i), in which
a = K; /K, is a nonnegative constant. That is to say, a local window of face image
differs only in terms of a nonnegative multiple across lighting condition changes. This
conclusion can be easily generalized to multiple independent light source scenarios.
We name o as the local relighting coefficient associated with the local window w.
Consider an ideal case in which two human faces, A and B, are spatially accurate-
ly aligned. Let w, and wg be two spatially corresponding local windows on the two
human faces. Under the same lighting condition change, the local relighting coeffi-
cient associated with w, and wg should be equal. We further assume that after im-
age warping, the reference face and the target face in the proposed relighting problem
match exactly. As such, the local relighting coefficients calculated from the warped
references images can be used to ‘relight’ the input target face image. A straightfor-
ward solution is: first divide the face images into small blocks, then for each block
calculate the local relighting coefficient in the reference images, finally multiply these



50 J. Chen et al.

coefficients to the input target image in a block wise manner to accomplish the re-
lighting. However, this approach is nothing but a simple extension of the relighting
method described in section 3. Moreover, such a block based process will create false
edges between neighboring image blocks.

Alternatively, we propose a locally constrained global optimization method similar
to the one used for image matting in [22]. For a local window w; centered at pixel i,
minimize equation (1), in which o is the local relighting coefficient associated with
wj; T; is the value of the ratio image at pixel i, or T; = T(i); and A is a nonnegative
weight balancing the two terms in (1). The value of t; can actually be regarded as a
fair guess of the local relighting coefficient, a;. Note that pixel values of the relight-
ing result are now variables in the objective function. If the local window w; contains
only one pixel, equation (1) has a trivial minimal solution: 12(i) = 1;12(i), leading to
exactly the same relighting result as we have discussed in the last section. However,
as long as the local windows contain more than one pixel, such a trivial solution no
longer exists because of the local constraints among overlapping neighboring win-
dows introduced implicitly by equation (1). In our implementation, the smallest local
window size is 3x3 pixels.

Fi= Y (B0 - alb®) +20 - )2 (1)

j€o;

Combining the objective functions of all the local windows, we achieve a global op-
timization objective shown in equation (2), in which i sums over all pixels in the
input image. Notice that local windows now overlap with each other, thus constraints
inside a local window will be naturally propagated to its neighbor widows, so that the
image smoothness can be retained. At the same time, strong local structures, such as
edges, can be reasonable preserved when local minimization is achieved.

Py D (120 ~att®) + a2 | = Y @
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The image relighting problem can be solved by minimizing the objective function F, of
which the variables consist of the pixel values of the relighting result image 18 and the
local relighting coefficients o;. When the balancing weight A is nonnegative, the objec-
tive function F is convex because it is a nonnegative sum of a bunch of quadratic terms
on domain R?¥, where N is the number of pixels in the input face image. Hence, any
convex optimization method can be adopted here [23]. Nevertheless, we will demon-
strate in the following an analytical solution for minimizing the objective function F.

arg min F = arg min Z arg min F; 3
[0

B B .
(l,lt lt i 1

Equation (3) shows an equivalent expression for the optimization problem with the
objective function F. The basic idea is to first solve the optimal value of a;, denoted
as @, by setting the first derivative of F; to zero. As such, @; are expressed as func-
tions of the pixels values of IE. Then the optimal I¥, denoted as 12, can be conse-
quently solved by setting the first derivative of function F, in which q; are replaced
by @, to zero. Equations (4)-(9) show the derivation steps.
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Replace o; by @; in function F and set its first derivative to zero, we have
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By varying k for all the pixels in the input image, a linear system is formed.
s-if=uU (8)

U and I8 are column vectors with length N, and S is a N X N square matrix. The
elements of U and S are expressed by equation (9) and equation (10), in which
8(k,j) is the Kronecker delta.

u, = AIA(K) Z 2)\ 9
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The relighting result IZ can be directly solved from the linear system in equation (8).
The convex nature of the original optimization problem ensures that equation (8) is
solvable. The linear system is large in scale because the number of equations equals
the number of pixels in the target image. However, close observation on equation (10)
reveals that matrix S is not only symmetric but also very sparse. Most of the elements
in S are zero except those whose index k and j correspond to pixels that can be
covered by one single local window. For example, if the local window w is of the
size 3 X 3 pixels, each row (or column) of S contains no more than 25 nonzero ele-
ments. Solving large scale sparse linear systems has been very extensively studied. In
our implementation, we use the PARDISO solver [24,25,26,27].

The following list summarizes major steps of the proposed face relighting algo-
rithm. The algorithms inputs are: two reference face images 14 and I, and one target
face image I to be relit.

1. Fit an AAM model to the three images for locating facial landmarks.
2. Warp the two references images to the target face image.

3. Calculate a ratio image T between the two warped reference images.
4. Apply a Gaussian filter with standard deviation o to T.
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5. Construct vector U and matrix S according to equations (9) and (10).

. Solve the linear system in equation (8) to get the relighting result 1E.

7. If the inputs are color images, steps 1-6 are performed on their gray-value compo-
nent. The final result is generated by composing the original hue and saturation
components of I#, and I¥ as the new gray-value component.

=)}

5 Experimental Results and Comparisons

We repeat the experiment shown in Fig. 1 using the proposed face relighting algo-
rithm. The result is shown in Fig. 3. Comparing to Fig. 1(g) and 1(h), the new relight-
ing result shown in Fig. 3(b) is much smoother and is free of high frequency artifacts.
Fig. 3(e) shows the chin area after relighting. The effect of the beard in the reference
images is no long visible. The relighting result seems realistic and natural. At the
same time, textures of the target face are very well preserved.

Fig. 3. Face relighting result using the proposed method. (a) is the target face image and (b) is
the relighting results. (c) is the local relighting coefficients. (d)-(f) are the gamma-enhanced
detail of the chin areas of images (a)-(c).

The local relighting coefficients a; are very interesting. They are necessary for the
problem analysis and formation, but are implicit when solving the relighting result I8.
Actually, when IP is known, o; can be calculated using equations (5) and (6). Fig.
3(c) shows the q; thus calculated. Fig. 3(c) is similar to Fig. 1(e) except that it is
much smoother. During the optimization, the first term on the right side of equation
(1) forces the smoothness of a;, while the second term pushes their values towards T;.
In fact, Fig. 3(c) resembles the ‘ideal’ ratio images achieved in [8] very much. More
relighting results are shown in Fig. 4, which also demonstrates the robustness of the
proposed method towards expression change, accessory, skin color, small pose varia-
tion, and the choice of reference images.
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Fig. 4. More face relighting results. Images in column (a) are the target face images to be relit.
The top most images in columns (b)-(d) are the 1B reference images from Yale database. Their
corresponding frontal illumination images are used as I reference images. Relighting results
are shown in the bottom three rows of (b)-(d). (The image of Harry Potter, acted by Daniel
Radcliffe, is available at http://languageisavirus.com/harry-potter/layouts/harry-potter/harry-
potter-chamber-of-secrets.jpg. The image of Micheal Jordan 1is available at
http://www.mkphoto.net/i/people/sjordanface.jpg.)
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There are mainly three parameters in the proposed algorithm: the Gaussian filter
parameter o, the balancing weight A, and the size of the shifting window w. The
Gaussian filter helps to suppress high frequency artifacts or noises in the ratio image.
Larger o indicates a stronger low pass filtering effect which will also blur textures
especially the edges. The weight A balances the efforts for preserving image smooth-
ness and texture, with the resemblances of illumination changes in the relighting re-
sult. An extreme case is that when A = 0, the solution of the optimization problem is
trivial. F is minimized when o; = 0, so that I?:I?. As such, the texture and smooth-
ness of the target image are literally completely preserved, but no relighting effect is
created. The size of the shifting window w decides to what extent local constraints
will be propagated to its neighbors. It also affects the sparsity of the linear system in
equation (8). The larger the local window is, the less sparse the linear system will be,
and the solving process will thus take longer time. Under the proposed optimization
framework, the relighting result is not very sensitive to parameter choices. Empirical
results show that our method can generate realistic relighting result for a wide range
of parameter values. Fig. 5 compares the relighting results of Carey Grant under dif-
ferent parameter settings. To facilitate implementation, we empirically recommend
that: o € [0.2, 2.0], A€[0.2, 1.5] and w is 3 X 3 pixels or 5% 5 pixels. Be
default, we use 0 = 0.5, A = 0.5 and w is 3 X 3 pixels.

o=1.5; A=0.5; 0=0.5;12=15; o=0.5;A=0.5; 0=1.0; A=0.2;
w=3X3 pixels w=3X3 pixels w=5X5 pixels w=3X3 pixels

Fig. 5. Face relighting results using different parameters

In the proposed method, the AAM fitting, Guassian filtering, image warping steps
can be done very fast. The most time consuming step is to solve the large linear sys-
tem in equation (8). We test the running time on a desktop PC equipped with a
Pentium D 3.4GHz CPU and 2GB memory. Table 1 profiles the running time of the
proposed method for input images of different sizes.

By including the reference images 12 and I in the bootstrap set, the quotient im-
age based method proposed in [3] can also be applied to the face image relighting
problem discussed in this paper. We test three bootstrap set configurations: i) single
reference object without image warping (three images including 12 and IB); ii) single
reference object with image warping (three images including L(I2) and L(IB)); iii)
ten reference objects with image warping (thirty images including L(I2) and L(IB)).
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Table 1. Running time of the proposed method

Image Size  Size of w Total time  Time for linear system
(pixels) (pixels) (seconds) solving (seconds)
200x200 3x3 2.1 1.5
300x300 3x3 6.9 5.8
400x400 3x3 12.5 10.2
200x200 5x5 5.7 5.1
300x300 5x5 19.8 18.7
400x400 5x5 454 43.1

(b) (c)

Fig. 6. Quotient image based relighting [3]. Columns (a)-(c) correspond to the bootstrap set
configurations i)-iii). Images in the second row are gamma-enhanced details.

The relighting results are shown in Fig. 6 correspondingly. Without dense correspon-
dence and image warping, there are a lot of artifacts caused by misalignments in Fig.
6(a). The formation of high frequency artifacts shown in Fig. 6(b) is similar to what
we have explained for Fig. 1 and Fig. 2 in section 3. The best relighting result, which
is shown in Fig. 6(c), is achieved when multiple bootstrap objects are used. However,
cast shadows from multiple objects overlap with each other causing unrealistic re-
lighting effects. This is due to the fact that cast shadows are ignored in the basic as-
sumptions of the quotient image method [3].
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6 Conclusions

Face image relighting is an interesting problem and has wide range applications in
face recognition and film production. We study the face relighting problem in which
reference face images are available. Based on the empirical fact that common ra-
diance environments are locally homogeneous, we propose to use an optimization
based solution in which local linear adjustments are performed on overlapping win-
dows throughout the input image. The local constraints help to preserve texture in-
formation of the input image, and the global optimization ensures the overall image
smoothness during the illumination transformation. We have demonstrated the effec-
tiveness of our method by applying it to challenging real life face images. Experimen-
tal results show that our method is able to generate photo-realistic relighting effects.
Also, the robustness of our method is ensured by its convex optimization nature.

The proposed method assumes that the reference face and the target face are simi-
lar in their shapes after image warping. Deviations from such an assumption lead to
‘shape artifacts’ in the relighting results. Apply certain strategies in the reference face
selection may be a promising solution. Also, The AAM fitting may fail on images
under harsh lighting conditions, and the overall running time is not satisfactory for
large input images. All these problems require further research efforts.

Acknowledgments

The work in this paper was substantially supported by a Key Project of the Ministry
of Public Security of China: “Processing and Validation of Digital Image and Video”
(2005ZDGGQHDXO005), a National 973 Project: “Fundamental Research on Multi-
Domain Collaboration for Broadband Wireless Communications” (2007CB310600),
and a research grant from Tsinghua University (053207002).

References

1. Debevec, P., Hawkins, T., Tchou, C., Duiker, H.P., Sarokin, W., Sagar, M.: Acquiring the
Reflectance Field of a Human Face. In: Proceeding of ACM SIGGRAPH, pp. 145-156
(2000)

2. Marschner, S.R., Greenberg, D.P.: Inverse Lighting for Photography. In: Proceedings of
Fifth Color Imaging Conference, pp. 262-265 (1997)

3. Shashua, A., Raviv, T.R.: The Quotient Image: Class-Based Re-Rendering and Recogni-
tion with Varying [lluminations. IEEE Trans. on PAMI 23(2), 129-139 (2001)

4. Ramamoorthi, R., Hanrahan, P.: An efficient representation for irradiance environment
maps. In: Proceedings of ACM SIGGRAPH, pp. 497-500 (2001)

5. Basri, R., Jacobs, D.W.: Lambertian Reflectance and Linear Subspaces. IEEE Trans. on
PAMI 25(2), 218-233 (2003)

6. Zhang, L., Wang, S., Samaras, D.: Face synthesis and recognition from a single image un-
der arbitrary unkown lighting using a spherical harmonic basis morphable model. In: Pro-
ceedings of IEEE CVPR, pp. 209-216 (2005)

7. Wang, Y., Liu, Z., Hua, G., Wen, Z., Zhang, Z., Samaras, D.: Face Re-Lighting from a
Single Image Under Harsh Lighting Conditions. In: Proceedings of IEEE CVPR (2007)



10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24,

25.

26.

27.

Face Image Relighting Using Locally Constrained Global Optimization 57

Peers, P., Tamura, N., Matusik, M., Debevec, P.: Post-production Facial Performance Re-
lighting using Reflectance Transfer. In: Proceedings of ACM SIGGRAPH (2007)
Marschner, S.R., Guenter, B., Raghupathy, S.: Modeling and Rendering for RealisticFacial
Animation. In: Proceedings of Eurographics Rendering Workshop, pp. 231-242 (2000)
Stoschek, A.: Image-based re-rendering of faces for continuous pose and illumination
directions. In: Proceedings of IEEE CVPR, pp. 582-587 (2000)

Liu, Z., Shan, Y., Zhang, Z.: Expressive expression mapping with ratio images. In: Pro-
ceedings of ACM SIGGRAPH, pp. 271-276 (2001)

Wen, Z., Liu, Z., Huang, T.: Face relighting with radiance environment maps. In: Proceed-
ings of IEEE CVPR, pp. 157-165 (2003)

Ramamoorthi, R., Hanrahan, P.: On the Relationship between Radiance and Irradiance:
Determining the Illumination from Images of Convex Lambertian Object. J. Optical Soc.
Am. 18(10), 2448-2459 (2001)

Ramamoorthi, R., Hanrahan, P.: An efficient representation for irradiance environment
maps. In: Proceedings of ACM SIGGRAPH, pp. 497-500 (2001)

Lee, K.C., Ho, J., Kriegman, D.: Nine Points of Light: Acquiring Subspaces for Face Rec-
ognition under Variable Lighting. In: Proceedings of IEEE CVPR, pp. 357-362 (2001)
Cootes, T.F., Edwards, G.J., Taylor, C.J.: Active Appearance Models. IEEE Trans on
PAMI 23(6), 681-685 (2001)

Matthews, 1., Baker, S.: Active Appearance Models Revisited. Int’l J. Computer Vi-
sion 60(2), 135-164 (2004)

Donner, R., Reiter, M., Langs, G., Peloschek, P., Bischof, H.: Fast Active Appearance
Model Search Using Canonical Correlation Analysis. IEEE Trans. on PAMI 28(10), 1690—
1694 (2006)

Georghiades, A., Belhumeur, P., Kriegman, D.: From few to many: Illumination cone
models for face recognition under variable lighting and pose. IEEE Trans. on PAMI 23(6),
643-660 (2001)

Gao, W., Cao, B., Shan, S., Chen, X., Zhou, D., Zhang, X., Zhao, D.: The CAS-PEAL
Large-Scale Chinese Face Database and Baseline Evaluations. IEEE Trans. on SMC, Part
A 38(1) (2008)

Bookstein, F.L.: Principal Warps: Thin-Plate Splines and the Decomposition of Deforma-
tions. IEEE Trans. on PAMI 11(6) (1989)

Levin, A., Lischinski, D., Weiss, Y.: A Closed Form Solution to Natural Image Matting.
IEEE Trans. on PAMI 30(2), 1-15 (2008)

Boyd, S., Vandenberghe, L.: Convex Optimization. Cambridge University Press, Cam-
bridge (2004)

Schenk, O., Girtner, K.: Solving Unsymmetric Sparse Systems of Linear Equations with
PARDISO. J. of Future Generation Computer Systems 20(3), 475-487 (2004)

Schenk, O., Girtner, K.: On fast factorization pivoting methods for symmetric indefinite
systems. Elec. Trans. Numer. Anal. 23, 158-179 (2006)

Schenk, O., Bollhoefer, M., Roemer, R.: On large-scale diagonalization techniques for the
Anderson model of localization. SIAM Review 50, 91-112 (2008)

Schenk, O., Waechter, A., Hagemann, M.: Matching-based Preprocessing Algorithms to
the Solution of Saddle-Point Problems in Large-Scale Nonconvex Interior-Point Optimiza-
tion. J. of Comput. Opt. and App. 36(2-3), 321-341 (2007)



Correlation-Based Intrinsic Image Extraction
from a Single Image

Xiaoyue Jiang!, Andrew J. Schofield!, and Jeremy L. Wyatt?

1"School of Psychology, University of Birmingham, Birmingham, B15 2TT, UK
2 School of Computer Science, University of Birmingham, B15 2TT, UK
{x.y.jiang,a.j.schofield}@bham.ac.uk, jlw@cs.bham.ac.uk

Abstract. Intrinsic images represent the underlying properties of a
scene such as illumination (shading) and surface reflectance. Extracting
intrinsic images is a challenging, ill-posed problem. Human performance
on tasks such as shadow detection and shape-from-shading is improved
by adding colour and texture to surfaces. In particular, when a surface
is painted with a textured pattern, correlations between local mean lu-
minance and local luminance amplitude promote the interpretation of
luminance variations as illumination changes. Based on this finding, we
propose a novel feature, local luminance amplitude, to separate illumina-
tion and reflectance, and a framework to integrate this cue with hue and
texture to extract intrinsic images. The algorithm uses steerable filters
to separate images into frequency and orientation components and con-
structs shading and reflectance images from weighted combinations of
these components. Weights are determined by correlations between cor-
responding variations in local luminance, local amplitude, colour and tex-
ture. The intrinsic images are further refined by ensuring the consistency
of local texture elements. We test this method on surfaces photographed
under different lighting conditions. The effectiveness of the algorithm is
demonstrated by the correlation between our intrinsic images and ground
truth shading and reflectance data. Luminance amplitude was found to
be a useful cue. Results are also presented for natural images.

1 Introduction

In standard imagery, pixel intensities depend on both the reflectance properties
of objects in the scene and its illumination conditions. Images representing these
underlying properties are called intrinsic images [I]. The extraction of such im-
ages can improve many computer vision methods such as: object recognition,
light source estimation and shape-from-shading.

The extraction of intrinsic images is an ill-posed problem. A variety of cues
have been proposed to constrain this problem. Early approaches were based on
the Retinex theory of lightness constancy in humans [2]. This theory rests on
the assumption that lighting changes are smooth whereas reflectance changes are
abrupt; this difference can be used to distinguish illumination from reflectance.
However, abutting flat surfaces at different orientations in a 3D world produce

K. Daniilidis, P. Maragos, N. Paragios (Eds.): ECCV 2010, Part IV, LNCS 6314, pp. 582010.
© Springer-Verlag Berlin Heidelberg 2010
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abrupt changes in illumination leading Shina and Adelson [3] to propose a 2-stage
process wherein luminance junctions are classified as illumination or reflectance
using local heuristics and then reclassified if necessary by a global analysis that
reconstructs 3D shapes. The method works well in stylised stimuli where edges
are easily defined. With supervised learning, Bell and Freeman [4] reconstructed
shading and reflectance from classified steerable filter coefficients.

Another common approach is to use colour as a key for identifying illumina-
tion gradients, based on the assumption that hue is illumination invariant (see
for example, [5], [6] and [7]). An illumination map can then be derived by rein-
tegrating only those gradients that arise from illumination. However, hue is not
entirely illumination-invariant: outdoor shadows are tinted blue [§] and hue is
poorly specified in dark shadows. In addition hue based methods can be confused
by small image features, although Tappen et al. [7] provides a reasonable solu-
tion to this problem by training a classifier to distinguish shadow and reflectance
edges. Finlayson et al.’s colour based method [9] defines an illumination-invariant
colour space to discriminate shadows from reflectance variations, but this re-
quires a calibrated camera. Further, since humans can distinguish shadows from
reflectance changes in monochrome images [10] colour cannot be the only cue
that enables such a separation.

Like hue, certain texture properties are also invariant to illumination and
therefore a potential cue for deriving intrinsic images. Shen et al. [11] applied
texture consistency as a constraint for decomposing images into shading and re-
flectance. This algorithm identifies groups of pixels sharing illumination invari-
ant texture features and adjusts those aspects that are not illumination invariant
until the groups are more consistent. The result is to discount illumination to
produce a reflectance map. However, this method uses a computationally ex-
pensive optimization procedure. Finally, intrinsic images can be extracted from
image sequences using multiple images to constrain the problem [I2/T3/T4]. Such
algorithms produce good results but are limited by the need for multiple images.

We introduce a new algorithm to extract intrinsic images from single images.
The method combines colour and texture with a new metric (luminance am-
plitude, see Section ) which is used by humans to differentiate shading and
reflectance [15]. We combine these metrics with a steerable filter decomposition
and use inter-cue correlations to identify frequency/orientation components that
belong to the shading and reflectance maps respectively. We test this approach
on images for which we have ground truth data and compare our novel luminance
amplitude cue with the more established texture and colour cues.

2 Basic Cues

Luminance amplitude: Assuming Lambertian reflectance, the intensity value
I(x,y) of every pixel in an image is the product of the incident lighting L(x,y)
and the reflectance R(x,y) at that point: I(z,y) = R(z,y) X L(z,y). For surfaces
with a painted texture we can measure the mean and variance (luminance am-
plitude) of pixel intensities in local regions. If a change in local mean intensity
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is caused by a change in illumination then luminance amplitude should vary in
the same direction. This occurs because illumination multiplies light and dark
reflectances in the texture by a common factor. Thus correlated changes in mean
luminance and luminance amplitude indicate illumination changes.

Colour and Texture: Unlike illumination changes, reflectance variations are
characterized by complex variations in pixel values based on a number of po-
tential cues. If the pattern of a texture changes (e.g. a change in granularity or
dominant orientation), then any associated change in mean intensity, over a large
enough patch, might reasonably be regarded as a change in surface reflectance
R(z,y). Colour is another diagnostic feature for reflectance changes. If hue and
intensity vary together this is likely to signal a reflectance change. Thus positive
correlations between colour and luminance or texture and luminance indicate
reflectance changes.

3 Steerable Filter Based Feature Extraction

Our algorithm is based on the relationships between intensity, luminance am-
plitude, texture and colour, as described above. The overall framework for the
algorithm is shown in Fig. [l We use steerable filters to decompose the image
into its constituent orientation/frequency bands. These filters provide a general
framework that can decompose images and completely reconstruct the originals
from the resulting components [16] or, as here, construct partial images from se-
lected components. We apply the steerable filter bank Sy, to the raw luminance
values (luminance modulations LM) extracting a full set of luminance compo-
nents (LM;j,(i=1,..,N;j=1,.., M), where N is the number of orientations,
and M is the number of frequency bands in Sy,). We also apply the filter bank to
estimate variations in local amplitude (AM), texture (TM), and hue (HM). We
then calculate the correlation between LM and AM, TM and HM in each orien-
tation/frequency band. If a component of LM is positively correlated to AM but
not TM or HM, it is deemed to convey shading information. The illumination
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(or shading) image is then constructed from only these components. Similarly,
components of LM that are positively correlated to TM and HM but not AM
are used to construct the reflectance image.

3.1 Extraction of AM

The equation for image intensity (I = R x L) shows that, for fixed reflectance,
intensity increases with increased illumination (L). Assuming that lighting is
constant in a local region but that reflectance varies due to texture, convolving
both sides of the lighting equation with a high-frequency filter F},(-) produces
the equation Fj(I) = Fp(R) x L. Large scale variations in L will modulate
the magnitude of the filter responses such that the envelope of Fj(I) will be
determined by L. Rectifying the output of F},(I) will demodulate this envelope
which can be processed by further filtering with Fj(-),

Fi(r(Fu(1))) = Fi(r(Fn(R) x L)) (1)

where r(x) = abs(x — ) is the rectification of signal x. The low-frequency filter
F;(-) detects low-frequency information in r(Fy(I)), hence Eqlll can be written
as Fy(r(Fn(I))) ~ F,(r(L)). The response of F;(r(Fy(I))) is a measure of local
amplitude which, if the texture is uniform, will be correlated with illumination.
In practice, the high-frequency part of the input image Iy is extracted by the
steerable filters: reconstructing Iy from only the high-frequency responses. We
then rectify Iy about its mean value, i.e. r(Iyy) = abs(Ig — pr, ), and apply
steerable filters (S1,), as used for LM, to decompose (I ) yielding components
of AM that match those extracted for LM. The flowchart for extracting AM and
an example AM component are shown in Fig. [[[b) and Fig. Bl(c), respectively.

3.2 Extraction of TM

Texture modulation (TM) should represent transitions between different tex-
ture patterns. The extraction of TM relies on texture segmentation; a difficult
problem in itself which we do not attempt to solve in full here. However, for
our purposes segmentation based on Gabor-features works well. We calculate
the Gabor responses to the images in different orientation and frequency bands,
and then use the principal component analysis (PCA) to extract common tex-
ture features. Next we use fuzzy clustering to classify the responses into non-
continuous regions of similar texture. We then create a simple texture map by
block filling texture regions with their own mean intensity, see Fig. 2(f), before
applying steerable filters (S) to extract components matching the LM signals,

see Fig. 2(d).

3.3 Extraction of HM

Colour (more specifically hue) is an important feature for estimating reflectance
as it is, more-or-less, illumination invariant. We derive a 4-dimentional intensity-
free colour vector,

Feotour(T,y) = (rzy/H—rzy”agzy/HIzyH»bwy/”IﬂcyH»hwy) (2)
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(h}y

Fig. 2. Intermediate processing: (a) the input image, (b) one LM component of (a),
(c-e) the matching AM, TM and HM components respectively, (f-g) texture and colour
maps for (a), (h-j) pictorial representation of correlations between LM and AM, TM
and HM respectively; x-axis shows component orientation, y frequency, cell colour
indicates correlation coefficients

where (ryy, guy, bey) represent RGB values, |I,| = \/r?gy + g3, + b2, is the

norm of the RGB triple, and h, is hue. We apply the mean shift algorithm [17]
to this vector so as to achieve colour segmentation, block filling each region in the
hue map according to its mean luminance, see Fig. 2(g). Once again steerable
filters (SL) are used to extract HM components from the hue segmentation
results, see Fig. 2le).

4 Reconstruction of Shading and Reflectance

Extracting intrinsic images makes the implicit, but not always appropriate, as-
sumption that luminance variations are either due to reflectance or illumination
but not both. Our algorithm is based on this assumption but not bound by
it. By estimating the correlation between each LM component and reflectance
and shading respectively we can assign individual components to shading and
reflectance in some proportion. Correlation coefficients Cf}‘, between the cor-
responding components LM;; and AM;; are used to measure the relationship
between luminance and luminance amplitude, see Fig. 2(h). If LM;; and AM;;
are positively related (ija > 0) we presume that LM;; results from illumination
and retain some proportion of it when reconstructing the illumination map. If
Cf]“ < 0, LM;; is used in the reflectance map. Hence we rename Cf]“ as Cf]hd
because when positive this measure places the component into the shading map.

The correlation coefficient C’f; between component LM;; and T'M;; describes
the relationship between luminance and texture. If ijt > 0, LM;; should be
treated as a reflectance change and used in the reflectance map. Because TM is
extracted from texture blocks, see Fig. 2If), its low-frequency components are
more reliable than its high frequency components. We use the frequency index j
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to weight coefficients C’Zl]t to reflect their reliability. The updated coefficient C’f;
between LM;; and T M;; is,

Clt = Clt MJ+ . (3)
where j = M indicates the lowest frequency band. Similarly, the correlation
coefficient C’fjh between LM;; and HM;; measures the relationship between lu-
minance and hue changes. If ijh > 0, LM;; should be included in the reflectance
map. As texture and colour are both positively related to reflectance changes we
can combine their relationship with LM into a single measure (C’irff ) as follows,
clt 4ot

; (1)
In order to correctly divide LM components between shading and reflectance
we need to consider their relationship with both properties. If we treat local
amplitude, texture and colour as equally reliable, then the correlation coefficients

c;f:

for reconstructed shading (Cjf¢ *"*) and reflectance (G} "¢/ are given by Eq[Hl
and Eql6l respectively.
rec shd _ vshd ref
G =05+ (1= Cy7) (5)
rec ref __ shd ref
Ci =(1-C3") + (6)

However, because we cannot decompose the original image into infinitely narrow
orientation and frequency bands, and because, in real lighting situations, some
variations in intensity are caused by reflectance and shading together, some
components LM;; will strongly correlate with both reflectance and shading. In
this situation, we need to assign a weight to each correlation coefficient according
to the reliability of the texture and colour segmentation results. That is,

rec shd __ shd ref
Cij = woij + (1 —-w)(1-Ci7) (7)
Creem = w(1 = O + (1 —w)Ciy! ®)
T
w . 9)

" Ts+Tr/k

where T (Tr C [0, 1]) estimates the reliability of texture and colour segmenta-
tions and Ts = 1—T}g the reliability of the amplitude modulations. Although tex-
ture and colour segmentation are based (in principle) on illumination-invariant
features, illumination changes can still influence the segmentation results. There-
fore we use an illumination parameter k to adjust the reliability of these cues. k
is the image’s key value which is given by the global contrast of an image [18],

k= Lmaz - La'u (10)
Lmax - Lmz’n
where Lgy, Lpin and Ly, are the logarithmic average, minimum and maximum
of the luminance respectively. More extreme (harsh, high contrast) lighting con-
ditions produce bigger key values down-weighting texture and colour. Fig. B(b)
shows the key values of images under different lighting conditions.
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After deciding the correlation coefficients for every LM component, estimates
of shading and reflectance can be reconstructed as follows:

Cree shd s LM;; if Clee shd >0
Ishd = SL & {0 Y ! lfC;Jec shd 0 (11)
1] —

s {C;";C ref s LMy if O[> 0
ref — OL

12
0 ifcg‘jec ref S 0 ( )

where ® is the reconstruction of steerable filters Sy, with weighted LMj;;. Due to
the self-inverting characteristics of steerable filters, the same filters can be used
for decomposition and reconstruction [16]. Correlation coefficients C7 ¢ shd and

C7¢¢ ¢l determine how much each component will contribute to the relevant in-
trinsic image. More positive correlations produce stronger weights, but negative

correlations produce zero weights.

5 Post-processing of the Reconstructed Images

As will be shown in Section [6] the reconstruction process described above is
reasonably effective. However it is not perfect and we now outline some post
processing steps that improve the final results.

5.1 DC Component of Shading Image

During the reconstruction process some LM components will be set to zero.
Therefore the resulting images may lose their DC value. Although this DC value
will not influence the overall appearance of the reconstructed images, it may
affect subsequent processing. An alternative estimate for the reflectance image
can be derived from the shading image as follows:

IdRef = Iorg/Ishd (13)

where I, is the original image. Therefore the problem of calculating the DC
component can be transferred to an assessment of the reflectance image Iqget-
If the initial estimate of shading is accurate enough, then Ijges should convey
uniform intensity distributions within each texture class. Thus an evaluation of
the texture consistency within Iqgrer can be used as a cost function to optimize
Isng. The optimization problem is

I
Egna(Vpe) = argmin y | Fy, “E T, 14
na(Voe) argTrinm EZ: ¢ t(Ishd + Vbe ) (14)

where Vpe is the DC value to be optimized. The function Fy.¢(I,T;) represents
texture consistency evaluated for image I against the texture segmentation re-
sults T;(i = 1,...,p), where p is the number of textures in the image I. We
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model the texture distribution as a normal distribution N (u;, 0;), hence texture
consistency is defined as

(Laret(T3) — 11:)?

Frat(Liret, T;) = 952
K3

) (15)

1
a V' 2mo; exp(=
where I Ret = Iorg/(Isha + Vbe); deef(Ti) is the region that belongs to texture
T; in image Iirer. Texture distributions are sampled from the most reliable
regions of /4.y where the corresponding shading value Isp,q is high. The resulting
shading image fshd = Isha + Voo is a better estimate of true shading than Igpq.

5.2 Compensation of Reflectance in Regions of Deep Shadow

When the frequency of an AM component is greater than that of any shad-
ing in the image, it will represent small variations in reflectance not shading.
Thus LM tends not to correlate with AM in high-frequency bands, but LM will
still correlate well with TM and HM in these bands. Therefore high frequency
components tend to be allocated to the reflectance image rather than the shad-
ing image. However, shadows tend to suppress the luminance range of textures.
Looking ahead, this is seen in Fig.[B(d) where textured areas of the reconstructed
reflectance image are slightly erased in regions that were in shadow (cf Fig.2(a)).

We solve the above problem by locally amplifying the responses of high-
frequency components using the optimised shading (fshd, Eqll4) to guide the
adjustment of each LM;; component separately. The compensation for LM;; is,

tla+p)

LM;; = LM;; X Fogi(a, B,t) = LM;; x
! ’ (e 5.1) odshg + B

(16)
where Iopg is produced by normalizing fshd to the range [0, 1]. The adjustment
function Fig; (e, B, ) is in the range of [t(a/B+1),t] , such that the darkest part
is re-scaled to t(a/8+ 1)L M;; and the lightest part to tLM;;. Parameters o and
G (a>0,8>0) control the adjustments for the dark and light pixels, ¢ controls

the overall range of the adjustment. The objective function for optimizing these
parameters is

Eyep = argmin »  Fiay (LM 5, Ti) + ABest (Fads) (17)
k

where Fmt(LM ij» Tr) evaluates texture consistency as defined in Eq. For each
texture T}, LMU is modelled as a normal distribution N (uzj , a,ij ) based on the
more reliable regions where Isna is high (light regions). The function Ecg(Fyq;)
constrains the maximum rescaling produced by the adjustment function. If the
estimated shading map is good, we only need to apply small adjustments and can
constrain the ratio between « and 3 as Eq. The interior-point algorithm [19]
is used to solve this constrained optimization problem.

Ecst(Fadj) = Ol/ﬁ (18)
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HTC surfaces indexed by lighting condition.

6 Experimental Results

6.1 Test Set

In order to evaluate the proposed algorithm quantitatively we devised a test set
containing images of 10 surfaces (5 surface shapes with two paint treatments) pho-
tographed under 33 lighting conditions. Surfaces were milled into small (57 x 64
mm) plastic blocks using a CNC Milling machine (Modella JWX-10, Roland Inc,
Japan) and ArtCAM design software (Delcam ple, UK) providing multiple exam-
ples of the same surface. Surface profiles included highly coherent sinusoidal cor-
rugations, random but oriented ripples and isotropic bumps, see Fig.Rland[7l Two
paint treatments (HTC and HT surface as described below) were applied using
matte paints. Both treatments consisted of broad red and green stripes each tex-
tured with thin elements oriented differently for the two colours. For hue, texture,
contrast (HTC) surfaces the darker green paint was chosen such that the green re-
gions had lower contrast but higher mean reflectance than the red regions. For hue,
texture (HT) surfaces the contrasts of the green and red regions were more similar.

Surfaces were places into the centre of a 1m diameter integrating sphere;
standing vertically and facing forward towards a pair of cameras placed either
side of azimuth angle 90°, see Fig. Bla). Here we use images from the right
camera only. A bright white backlight (composed of 24 wide angle, 7 lm LEDs;
NSPWR70BS, Nichia Inc, Japan) placed in the wall of the sphere behind the
surfaces produced uniform diffuse illumination via reflections off the white in-
ternal surface of the sphere. A baffle placed behind the surface ensured that the
backlight did not shine directly into the cameras. We placed an array of indi-
vidual high brightness (29 cd), spotlight LEDs (Nichia NSPW500DS) at specific
locations in the wall of the sphere, facing the surface. Only 16 of the spotlights
were used in this study located as shown in Fig. B(a). The spotlights produced
a bluer light than the backlight.

We first photographed the objects under the diffuse light only (condition
1), then under the diffuse light with each of the spotlights in turn, conditions
I(l=2,...,17). Finally we used each spotlight alone, conditions ! + 16. We also
produced a matte grey version of every surface to provide ground truth shading
images. Ground truth reflectance images were obtained by dividing images taken
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under the diffuse light by the shading ground truth for each surface. Images were
taken from a larger database (http://www.bold.bham.ac.uk).

6.2 Evaluation of Extraction Method and Cue Combinations

We extracted intrinsic images for the test set while using different cues within
the algorithm. We used correlations between the estimated shading or reflectance
images and their respective ground truth images as a metric for assessing results.
Fig. (a), (b) show the performance of different cues for the HTC treatment
condition under all 33 lighting conditions, where H, T and A indicate that HM,
TM and AM streams were turned on’ respectively. The combination of all three
cues (HTA in Fig. E(a), (b)) is better than any cue alone or any combination
of two cues. The results show that local amplitude (A in Fig. @(a), (b)) has
an important role in detecting illumination changes. When it is combined with
either hue or texture (HA and TA in Fig. @(a), (b)), it boosts performance
relative to either of these cues alone.

Fig.l(c) further summarize the results. It shows improved extraction of shad-
ing from diffuse+spot images as streams are activated. Illumination changes are
much weaker in these images. Consequently, small correlation coefficients be-
tween cues make the assignment of LM components less accurate when only
using one or two cues. Fig. @(a) shows marked differences in performance for in-
dividual light sources. The poor performance for images under frontal spotlights
(azimuth 90°, conditions 20, 27 & 28) is caused by the same problem.

Conversely reflectance images are very good for diffuse+spot lighting and less
good for spotlights only, see Fig. @(c). We might expect reflectance estimates to
be best for images that contain relatively little shading (Fig.E(b) conditions 1-17)
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Fig. 4. Performance of different cues. Mean correlation against ground truth images for
(a) shading and (b) reflectance estimates, which is the average of 5 HT'C objects.(mSTD
is the mean standard deviation of 5 objects across 33 lighting conditions). (c),(d) are
correlation results on HTC and HT images respectively.
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as only slight adjustments are needed in this case. Reflectance estimates are very
poor (especially when only texture is used) for spotlights directed from the side
(conditions 18, 24, & 31). These images are a special case where the light only
glances on the surface much of which is in shadow, almost erasing any texture
present. Fig.[4{d) summaries the results on HT surfaces. As we should expect AM
alone worked better for HT'C surfaces, where texture contrast and hence AM was
negatively correlated with gross reflectance (LM) across texture boundaries, than
HT surfaces where texture contrast did not vary. Combining cues remains helpful
in this situation. Fig. [@(c),(d) also show the results of processing our stimuli
with the grey-Retinex (G-Ret) and colour-Retinex (C-Ret) algorithms [20]. Our
algorithm outperforms Retinex for these images.

6.3 Enhancement of Reconstructed Images

Based on the extraction of intrinsic images using all three streams (HTA) we
tested the post-processing enhancements presented in Section 5. Recovering the
DC component in the shading image does not alter its correlation with the
ground truth stimuli but it does improve the estimate of reflectance obtained
by dividing the original image by the reconstructed shading map (compare dRef
and dRef-original in Fig. Blf),(g) and examples in Fig. Bl(b),(c)). Recovering the
DC component of shading greatly improves it as a basis for further processing.
The effects of enhancing reflectance is clearly seen by comparing Fig. Bld) and
(e). Improvements to the reconstructed reflectance images can be assessed more
directly by comparing each reconstructed image (RecRef) with its compensated
version (CompRef) here we see improved performance for spotlight images and
the difficult side-lit cases (Fig. BIf), (g), conditions 18, 24 & 31).
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Fig. 5. Optimization results. (a) reconstructed shading for the image of Fig. (a), (b)
reflectance derived from shading image (a). (¢) reflectance derived from optimized shad-
ing. (d) reconstructed reflectance. (¢) compensated reflectance. The mean correlation
value between reflectance and ground truth for 5 different HT objects (f) and for 5
different HTC objects (g). mSTD is the mean stand deviation of the correlation for 5
objects across 33 lighting conditions.
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6.4 Evaluation on Natural Images

Fig. [0l shows the performance of our algorithms compared to Retinex on the full
MIT data set. The results for reflectance and shading have been averaged. The
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Fig. 6. Average results on the MIT data set
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Fig. 7. Intrinsic images extracted by our algorithm and colour Retinex. Top to bottom
in each panel: original image, shading and reflectance estimates from our algorithm and
colour Retinex respectively. (a) isotropic ripples 1 with HTC texture, light condition
I = 14; (b) isotropic ripples 2 with HT texture, [ = 19; (¢) a natural image. (d),(e)
sample images from MIT data set.
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LMSE measure [20], Fig.[Bl(b), favours our algorithm with only A’ or "H’ (A low
value is good.) while our correlation metric, Fig. [6(a), places our '"HA’ algorithm
equal to C-Retinex. (A high value is good.) We prefer our correlation metric
as LMSE includes a term which can amplify the contrast of each local patch.
This term is optimised on a local basis to reduce the MSE. Thus, it is possible
to produce low LMSE scores from output images that do not visually match
ground truth, as in the case of A’ and "H’ only. The supplementary material
provides a more detailed explanation.

Finally Fig. [ shows some additional results based on our test set, a natural
image where shadows fall across regions of different textures and colours, and
two images from the MIT test set [20]. Example output from the colour Retinex
method is also shown in Fig. [l Our algorithm gives fairly accurate estimations
for shading and reflectance. Although it does not perform well on the MIT "box’
stimulus (Fig. [[(d)), it outperforms Retinex on the ’pear’ stimulus (Fig. [(e)).
From these results we see that our algorithm extracts low-frequency shading very
well and is suited to natural textures. However the assignment of components is
not accurate for high-frequency shading, due to the limitations of the frequency
bandwidth of the steerable filters (about 1 octave). Furthermore, our algorithm
currently deals with each component globally. This failing differentially affects
high-frequency components which tend to arise from more local features.

7 Conclusion

In this paper, we propose an algorithm to extract shading and reflectance maps
from a single input image. Based on results from human vision we propose lo-
cal luminance amplitude (AM) as an effective cue for separating shading and
reflectance along with texture and hue. We also introduce a multi-resolution
framework to decompose images into components that can then separately con-
tribute to the shading and reflectance maps. Correlation coeflicients between
luminance and the different cues (AM, texture, and hue) decide the weight for
each component in each map. Experiments on images of rippled surfaces under
different lighting conditions showed the effectiveness of the proposed algorithm
in all but a few hard cases. In the proposed algorithm, we gave each component
a global weight for each reconstruction, but shading or reflectance information
may exist in only specific locations, such as at shadow edges. That is, correlations
between different cues may be location-dependent. Thus the algorithm could be
improved by adding a local correlation measure. Our method can produce two
estimates for both shading and reflectance. One estimate is derived directly from
the weighted components. The other can be derived by dividing the original im-
age by the other reconstructed intrinsic image (e.g. shading=image/reflectance).
Here, we used the reconstructed shading image to improve reflectance estimates,
but did not provide an equivalent enhancement for shading. In future work, con-
sidering the four initial estimates together might improve estimates of shading
and reflectance.
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Abstract. A color transfer function describes the relationship between
the input and the output colors of a device. Computing this function
is difficult when devices do not follow traditionally coveted properties
like channel independency or color constancy, as is the case with most
commodity capture and display devices (like projectors, camerass and
printers). In this paper we present a novel representation for the color
transfer function of any device, using higher-dimensional Bézier patches,
that does not rely on any restrictive assumptions and hence can handle
devices that do not behave in an ideal manner. Using this representation
and a novel reparametrization technique, we design a color transforma-
tion method that is more accurate and free of local artifacts compared
to existing color transformation methods. We demonstrate this method’s
generality by using it for color management on a variety of input and
output devices. Our method shows significant improvement in the ap-
pearance of seamlessness when used in the particularly demanding appli-
cation of color matching across multi-projector displays or multi-camera
systems. Finally we demonstrate that our color transformation method
can be performed efficiently using a real-time GPU implementation.

1 Introduction

A color transfer function matches colors in a device-dependent RGB space to
those in the device-independent CIE XYZ space. For capture devices, the input
is in the XYZ space and the output in the RGB space and vice-versa for display
devices (like projectors and printers). When the domain and the range of this
function are the RGB and the XYZ spaces respectively, it is a direct transfer
function. When the domain and the range are switched, the function is an inverse
transfer function. Let us consider two devices—a source and a target—with
direct transfer functions Ty and T;. The color given by (7, gs,bs) in the source
device can be achieved by the input (r¢, g, b:) = T, *Ts(rs, gs, bs) in the target
device. Here T is the direct transfer function and T[l is the inverse transfer
function. Accurate computation of T; T} is the goal of any color management
system. For ideal devices with channel color constancy (constant chromaticity
across all channel inputs) and no channel interdependencies, both the direct and
inverse transfer functions, T and T}, are linear 3 x 3 matrices. This allows easy
inversion and concatenation to compute desired target inputs that create the
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© Springer-Verlag Berlin Heidelberg 2010
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same image as in the source. However, current commodity devices like projector,
cameras and printers deviate considerably from the ideal properties of channel
independency and color constancy, making it difficult to compute 7, t_lTs.

In this paper, we represent the color transfer functions of any non-ideal device
using multiple higher-dimensional Bézier patches. Augmenting this with a novel
reparametrization of colors in the device independent space, we design a new
color transformation method (Section B]) with the following advantages.

Generality: The Bézier based representation of the color transfer function does
not depend on ideal behavior of the device. Hence, it can be applied to devices
with significant channel interdependencies (often due to the use of more than
three primaries that do not form a basis), no color constancy, and non-monotonic
channel transfer functions. It is also backward compatible to ideal devices and
can be applied to both capture and display devices alike (Section [Hl).

Quality: Unlike existing color transformation methods (Section 2]), our method
assures (C?) continuity, resulting in smoother transition from one color to an-
other. It also handles non-monotonicity in the transfer function elegantly. Conse-
quently, our method consistently shows greater accuracy and less local artifacts
compared to the existing methods when tested on a variety of devices including
projectors, cameras and printers (Section ().

Application: The quality of any color matching method is particularly
challenged in applications where images from multiple devices are placed in
a spatially contiguous manner, where human ability to detect color differences
increases [I]. This occurs when tiling multiple display devices (e.g. tiled display
walls) or when stitching different parts of a scene captured with different cameras
in a panorama (e.g. surveillance application). In these applications, our method
shows significant improvement in color matching, especially when the devices
differ significantly in color properties (Section (). Thus, such applications no
longer are restricted to use devices of same model or architecture to avoid large
variations in color.

Efficiency: Our color transformation method is amenable to real-time imple-
mentation on GPU(Section H).

2 Previous Work

Let 41,0 € {r,g,b}, 0 < i; < 1, be a channel input in the device-dependent RGB
space. The color gamut of an ideal device (exhibiting channel independence and
color constancy) in the XYZ space is a parallelepiped spanned by three vectors
(X1,Y;,7;), one per channel I. The color in the XYZ space corresponding to
(ir,1g,%) in the RGB space is then given by

X X, X, Xp\ [ir iy

Y =YY, Y% ||i|=M][i (1)
z Zy Zy Zy ) \'ip ib
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Here, the forward transfer function T is the matrix M and can be estimated
accurately by measuring the color output at only three points, namely (1,0,0),
(0,1,0) and (0,0,1). Also, T can be easily inverted by computing M 1.

To match the response of the ideal device with that of the human eye, each
channel usually has a non-linear channel transfer function, given by h;, [ €
{r,g,b}. Accounting for h;, Equation [2] can be written as

X he (i)
Yo =M | hy(ig) (2)
Z hy (i)

Here, to estimate T we need to reconstruct h; in addition to M [2]. This involves
measuring color output at k uniformly sampled channel inputs 4; when inputs
to the other two channels are zero. So, for accurate representation of T', we need
3k samples. Inverting 7" involves two steps: (a) Applying M ~1; (b) Applying the
inverse channel transfer functions hl_l. To assure invertibility, h; is assumed to
be monotonic, a property satisfied by most traditional devices like CRT displays.
Most work on color management assume channel independence and additivity
common in traditional displays [3/4].

Current commod-
ity devices are far
from such ideal de-
vices. First, the chroma
(defined by the chro-
maticity coordinates)
is not constant across

Fig. 1. Visualization of color gamuts of different projection

technologies in CIE XYZ space. From left to right: LCD, a channel. This means
LCoS and DLP. that the boundaries

of the parallelepiped
(and even iso-contours within it) are no longer straight lines, but wiggly curves.
Second, the channels may not be independent. This means that the color trans-
formation is non-additive, i.e. T(I1) + T(I2) # T(I1 + I2), where I and T'(I)
denote the colors in RGB and XYZ space. In this case, the color gamut ceases
to be a parallelepiped. Usually, this is due to the fact that many consumer de-
vices have more than 3 primaries that do not form a basis in the XYZ space [5].
This includes the DLP projectors that use an additional white channel and the
printers that use an additional black ink. More recently multi-primary cameras
and LED/laser projectors are being introduced [67]. Figure [Il shows the effect
of such non-ideal behavior on the shape of the 3D gamuts in the XYZ space.
Though some attempts has been made to reconstruct 7" in non-ideal systems
being within the domain of linear matrices [§], they can only tolerate small
deviations from ideal devices. The simplest way to reconstruct the function T
for non-ideal systems is to sample the three dimensional RGB space uniformly
to create a piecewise linear approximation of 7. The inversion of the function
would then involve a linear interpolation of the function from its neighbors [9].
However, this assumes monotonic iso-contours in 1" and a dense sampling of the
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domain. Assuming k samples per channel, k3 samples are required for accurate
estimation. However, k has to be relatively large (kK = 16) when compared to
our method (k = 9) to provide a dense sampling assuring more accurate local
interpolation. Even for a relatively small & = 16, 163 measurements can be
very time consuming. Most importantly, linear interpolation assures only C°
continuity creating considerable visual artifacts (Section [H).

Hence, many current systems custom tailor T' for specific devices. Windows
Color Management System (WCS), designed jointly by Canon and Microsoft, is
a good example [10] and uses different techniques to compute the transfer func-
tions of different devices. For projectors, first the input RGB space is sampled
uniformly and the corresponding XYZ values are measured. Let the sampled
input values be (7, ¢:,0;),1 <1i < n and the XYZ values (X;,Y;, Z;). For each
(X;,Ys, Z;), the input (1}, g;, b)) that would result in (X;,Y;, Z;) is predicted as-
suming an ideal device described by Equation @l Next, the vector deviation d;
of the actual input (r;,g;,b;) from the predicted input (7}, g}, b;) is computed
and associated with the corresponding sampled input. To compute the input for
desired XYZ values (Xg, Yy, Zg), first input (77, g/}, ;) is predicted assuming an
ideal device using Equation 2l Then the deviation is linearly interpolated from
the sampled d;s and added to (%, g/, b)) to generate the final input (rq, ga, ba)-
Unfortunately, in addition to C' discontinuity, it can result in non-monotonic
output even though there is no non-monotonic iso-parametric curves or surfaces
in the input. Further, it assumes channel color constancy that is not true in most
commodity devices and results in severe color anomalies (Section ().

Note that all the above related work, including our work, focus on color man-
agement techniques that are content agnostic, i.e. does not depend on the image
content. Hence, the device once calibrated, can correct any image. However, our
work is orthogonal to a body of literature on content-dependent color manage-
ment schemes. These determine the best possible color mappings for a specific
image based on the particular spatial distribution of the colors to achieve the
most perceptually pleasing appearance in the new device [TTIT2/T3IT4UT5]. Hence,
in a content-dependent scheme the color mapping is unique for each image and
needs to be recomputed for every image. Content dependent methods cannot
achieve interactive rates for videos unless special hardware is used.

3 Algorithm

We present a new general way to represent the color transfer functions of a non-
ideal device, both direct and inverse, using a set of Bézier patches. A critical
aspect of this representation is a non-linear parametrization of the Bézier patches
in the XYZ space (Section B1]). Using this representation we design a new color
transformation method for converting the RGB colors in a source device to those
in a target device significantly different than the source device (Section B.2]).
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3.1 Color Transfer Function

We do not assume channel chrominance constancy, channel independence, or
monotonic channel transfer functions. However, we assume T to be a smooth
function. Let us sample T at n different RGB points, i.e., for these n samples
— (r1,91,01),(r2,92,b2) ... (Tn, gn, bn) — we know the corresponding outputs —
(X1, Y1,71),(X2,Ys, Zs) ... (X0, Y, Zy,). Our direct transfer function T is rep-
resented by a set of Bézier functions F.(r,g,b), one for each XYZ channel,
c,c € {X,Y,Z}. Our inverse transfer function 7! is represented by another
set of Bézier functions B;(X,Y, Z), one for each RGB channel, I,1 € {r, g,b}.
We first describe

the reconstruction o
B, h i f
J | B;. F. is computed
T L) ) similarly, but the do-
(rg:b)—>(XrY:Z)<—(XprZ) .
’ | N1 ? main and range color
F spaces are switched
¢ (Figure ). We re-

Fig. 2. Representation of color transfer functions construct B; for each

RGB channel by fit-
ting a Bézier to the
measured n samples. This consists of two steps. We measure the X, Y, Z values
for various input values of r, g, and b uniformly distributed in the RGB space.
For every input {r;, g;,b;} let the measured output color be {X;,Y;, Z;}. Using
these samples, we build three (one for each channel) 3D Bézier volumes in 4D —
B, (X,)Y,Z), B4(X,Y,Z), and By(X,Y, Z). In other words, our Bézier surfaces
are height fields in the XYZ space, one for each of the three input channels.
Although the data points we collect are uniform in the RGB space, they need
not be uniformly distributed in the XYZ space, limiting our ability to fit a Bézier
surface to the XYZ colors. Hence we apply a non-linear function N : (X,Y, Z) —
(X',Y',Z") in order to make the distribution in the XYZ space uniform. We fit
the Bézier surface in this modified XYZ space. The reparametrized XYZ space is
sampled in a relatively uniform fashion, and the control points of the Bézier are
placed in a regular grid (Figure[3]), thus fixing three of the four coordinates of the
control points. We use a linear least square method to fix the fourth coordinate
so that the computed Bézier height field smoothly passes through the data set.
Details of the non-linear reparametrization is available in Section 311
The Bézier representation suits non-ideal devices due to the following:

— Since the Bézier is just a polynomial representation, we can represent non-
constant higher order variations in the channel chrominance.

— Since we use a separate Bézier function to represent each of the different
input channels, non-additive color transformations due to channel interde-
pendencies can be easily handled.

— Higher order Bézier functions can be reconstructed from fewer samples than
required for a piecewise linear representation.

— Bézier aids elegant handling of non-monotonicity in the color transfer func-

tion(Section B.T]).
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Non-Linear Reparametrization. In this section, we describe the non-linear
transformation (X',Y’, Z’) = N(X,Y,Z). N, is a 3D non-linear function that
can be complex and difficult to design. However, note we do not need per-
fect uniform parametrization, but a function that will yield close to uniform
parametrization. Hence, we approximate the function by a channel dependent
non-linear function, N, resulting from a concatenation of a channel independent
3D linear transformation £, and a channel dependent 1D non-linear function ;.
Figure Blshows the result of our reparametrization. This results in more accurate
Bézier fitting and better interpolation at unsampled points.

3D Linear Function: We propose a 3 x 3 linear matrix whose columns are given
by the XYZ values corresponding to the inputs (1,0,0), (0,1,0) and (0,0, 1) re-
spectively. L is the inverse of this matrix. Thus, this is very similar to a standard
gamut transformation matrix M ~! that allows us to align the XYZ basis with
the RGB basis. This transformation yields an intermediate space (X, Yin, Zm)
such that (X, Y, Zm)T = L(X,Y,Z)T. Following the linear transformation,
the primary contribution to X,,, Y;, and Z,, is from r, g, and b respectively.
1D Non-Linear Func-
tion: Consider func-
tion ¢, relating r
to X, ie X, =
cr(r).  Similarly we
have Y;,, = ¢4(g) and
Zm = cp(b). From
the measured XY Z
Fig. 3. The samples in XYZ (in red) space and the corre- values we fit a func-
sponding control points (in green) generated for B, before tion of the form ¢ =
applying N, (left), after applying £ (middle), and after ap- 27 and choose it to

plying K; (right). be our 1D non-linear
function K, i.e. K; =
-1
o

Handling Non-Monotonicity. Let us first consider monotonicity in a 1D
function y = f(z) sampled n times and the (z;,y;) samples are in increasing
order of x;. Common way to make these samples monotonically increasing is to
apply y; = maz(y;—1,yi), 2 < i < n. We expanded this simple idea to three
dimensional sampling to make sure that the iso-contour of the sampled out-
puts are monotonic. Suppose we have the RGB values in the form of (r;, g;, bx)
where all of r;, g;, and bys are in the increasing order and their correspond-
ing XYZ values after application of F are (X, (4,7, k), Yin (2,7, k), Zm (3,4, k)).
The following pseudo code makes the iso-parametric curves of this grid
monotonic.

fori=1:n

forj=1:n
fork=1:n{
ifi>1{Xn(i7,k) =mazr(Xm(i—1,5,k), Xm(i,7,k))}
if j > 1 {Yim (4,5, k) = maz(Ym(i,j — 1,k), Ym (i, 5, k))}

ifk>1{Zm(ij,k) = max(Zm (i, j, k — 1), Zm (3,5, k))} }
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3.2 Color Transformation

The color transfer function of a non-ideal device comprises of F., B;, and N'. N/
comprises of a matrix and inverse channel transfer functions and is hence similar
the ideal device parameters. Hence, the nonlinearities are encoded in F,. and B;.

T NI N By,
(ry 8 b) —5 (X, Y, Z7) =5 (X, Y, 2) 255 (X, Y, Z/) — 5 (1, 8, by)
Fig. 4. Color Transformation Method

After the Bézier patches are computed, the color transformation from a source
RGB color (rs,gs,bs) to the device RGB color (r, gt, b:) is achieved using the
pipeline in Figure @l (rs, gs,bs) is first converted to the source reparametrized
space (X.,Y/, Z!) using F.,. This denotes the desired color in the device inde-
pendent XYZ color space. To find the target (r, g;, b;) that produces this color,
Ny is applied followed by evaluation of Bj; at the reparametrized (X},Y;, Z}).

When matching colors across multiple devices, often the desired color is pro-
vided in the XYZ space — say (X4, Yy, Zq4). In this situation, achieving a color

LCoS DLP1 DLF2

i
i
i
oL

Fig. 5. Comparison of black-to-white gradient reproduction quality using, from top to
bottom, target image, our method, method for ideal devices, WCS, Adobe CMM, and
linear interpolation (for 9x9x9 and 16x16x16 RGB space samples) in different projection
technologies. Note that our method provides the closest match and the smoothest color
transitions. Please zoom-in to see the differences.

FEERFEF
NIk

Fig. 6. Comparison of color gradient reproduction quality using different methods —
from left to right: target image, our method, ideal devices method, WCS, Adobe CMM,
linear interpolation using 9x9x9 and 16x16 samples. The difference of each method from
the target image is shown in the second row. Look for color mismatches and artifacts
in the top row in the brighter areas. Please zoom-in to see the differences.
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Fig. 7. Color uniformity on a display made of 3 heterogeneous projectors (LCD, LCoS
and DLP from left to right): Before any color matching (left), after color matching
using ideal devices method (middle) and our method (right). Note that the method for
ideal devices introduces a color mismatch in the middle projector by changing the color
temperature. Our method balances the brightness better, making the left projector of
comparable brightness as the other two. Please zoom-in to see the differences.

Fig. 8. Comparison of observed color uniformity of a white image and a natural image
in a display made of 3 heterogeneous projectors (LCD and two DLPs from left to
right). From top to bottom: before color matching, after matching using method for
ideal devices, using linear interpolation, and using our method. Zoom in to see banding
artifacts in the white image and the severe color temperature change on the right side
of the road in the natural image for linear interpolation. Note that the method for ideal
device fails to achieve the balancing of the color temperature.

matching involves evaluating the B;s of the different devices at the same desired
(Xa,Ya, Z4) after reparametrization. Hence the input to reproduce (X4, Yy, Z4)
is given by (B.(X),Yy,Z)),By(X}, Y, Z}), By( X}, Y], Z),).

Note that the focus of our algorithm is to compute a target color when within
the device gamut. Out-of-gamut colors can be first mapped to an in-gamut color
using gamut mapping techniques [I6J17] before applying our method.
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4 Implementation

In our implementation we use a digital SLR, camera (Canon Rebel XSi), that has
an sRGB color gamut, as measuring device. [I8/9] show that most devices have
gamuts that lie within the sSRGB gamut and hence our measurements are accu-
rate. We use the RAW images assuring linearity of the camera channel transfer
function and no color processing. Hence, to convert the measured colors in the
sRGB space to the CIE XYZ space, we apply a standard 3 x 3 linear transfor-
mation. For reconstructing T', we use k = 9 (total of 93 = 729 measurements) to
sample the input space uniformly. Empirically, this provides good results even
for devices with significant deviation from ideal devices — like the ones illustrated
in Figure [Il Also, for all devices, a 3D Bézier of degree 3 assures adequate C?
continuity (details in Section [B1]).

Real-time GPU implementation: The Bézier functions can be stored in a
compact manner by storing the (N + 1) control points for a degree N 3D Bézier
(64 control points per channel for our degree 3 Bézier, 192 points in total).

The Bézier is evaluated in runtime to achieve the color correction, imple-
mented in real-time on the GPU using CUDA. We achieve about 70 fps on a
2GHz Xeon workstation with a mid-range GeForce 9600 GT GPU for a XGA
(1024 x 768) image.

An alternative to evaluating a Bézier is to compute a 3D LUT for all color
values by evaluating the Bézier at all these values which are then indexed by
the pixel colors to achieve the color correction. This uses significantly greater
storage (2562 x 3 bytes) but can be implemented on any graphics hardware.

5 Results

We have applied our method to correct colors across many different devices
including projectors, cameras, and printers. We have matched colors of multiple
devices to a desired image in sSRGB space. To evaluate the error between the
original (desired or source) images and the corrected image captured by a camera,
we compute the pixelwise AE color difference (Euclidian distance in the CIE
LAB space) between these two images and encode it as a gray image (higher gray
values indicate higher deviation from the original image). We also summarize the
mean, maximum and the standard deviation of these color differences in Tables/[I]
and [2I To normalize the brightness of the captured and original image, we scale
the captured image by %ﬁ where M, and M, are the mean of the desired and
captured image respectively, calculated over all the channels. My and M. provide
a measure of the overall brightness of the two images. We use a homography
to geometrically align the captured images with the original image since our
camera did not show any significant radial distortion [I9J20]. Note that the error
reports can be improved by using a more accurate color measuring device, such
as colorimeter or spectroradiometer.

We compare our method with three different existing methods. First, we com-
pare with the correction suitable for ideal devices as in Equation [2] achieved by
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Table 1. The average, maximum, and standard deviation of AE color differences
of the color-matched image from the original image using different methods. For our
method (ADICT) and linear interpolation we also mention the number of samples used
(9x9x9=9%0r 16 x 16 x 16 = 16®) and if the reparametrization has been used or
not (w R and wo R respectively).

Algorithm LCD LCoS DLP 1 DLP 2

Gray (Fig. B)

Our Method(93 w R) 296 8.22 1.69 3.45 7.59 1.98 4.91 9.08 1.93 5.12 10.32 2.03
Our Method(93 wo R) 3.65 10.41 1.76 3.98 8.26 2.12 5.56 13.47 2.01 5.96 14.83 2.46
Ideal Devices Method 5.28 14.86 1.89 4.41 11.37 2.56 5.02 11.70 1.95 10.61 29.48 3.52
WCS 6.29 17.61 1.97 7.76 19.17 3.50 8.68 23.04 2.32 10.25 23.97 3.16
Adobe CMM 4.93 14.77 1.86 6.73 14.24 2,99 6.97 18.63 2.02 9.46 19.28 2.82
Lin Interp.(93 wo R) 3.94 11.07 1.84 4.56 10.17 2.15 6.73 13.29 2.08 6.89 15.35 2.52
Lin Interp.(93 w R) 3.28 11.21 1.80 3.76 9.32 2.01 5.48 12.86 1.98 5.93 13.47 2.32
Lin Interp.(163 wo R) 3.06 9.85 1.76 3.52 875 1.95 5.05 11.43 1.96 5.58 11.48 2.13
Lin Il’lterp.(lﬁ3 w R) 2,93 8.75 1.71 3.47 850 1.92 4.81 9.93 1.95 5.18 11.07 2.11
Color (Fig. B)

Our 1\/[!31;h0d(93 w R) 3.79 8.96 1.77 4.14 10.03 2.14 5.84 18.32 2.34 5.43 19.23 2.54
Our 1\/[!31;h0d(93 wo R) 4.97 10.53 2.02 5.54 14.12 2.51 7.45 20.25 2.87 7.04 22.14 2.97
Ideal Devices Method 7.65 16.81 2.46 6.33 18.64 2.73 6.83 28.13 2.48 10.32 29.17 3.43
WCS 8.47 17.00 2.42 10.28 21.86 3.76 13.92 30.94 3.38 12.78 24.53 3.23
Adobe CMM 6.29 14.73 2.29 8.67 17.83 3.12 10.86 23.47 3.10 10.77 22.61 3.01
Lin Interp.(93 wo R) 5.12 11.04 2.12 5.58 13.79 2.55 8.25 19.64 2.45 7.94 23.12 2.94
Lin Interp.(93 w R) 4.48 11.52 2.01 4.86 11.69 2.36 7.10 18.67 2.38 7.12 20.98 2.84
Lin Interp.(163 wo R) 3.85 9.04 1.80 4.73 11.02 2.23 6.02 18.98 2.32 5

Lin Interp.(163 w R) 3.67 8.98 1.79 4.53 10.84 2.18 5.92 18.47 2.30 5.48 19.30 2.36

simply applying an inverse matrix multiplication followed by an inverse channel
transfer function. Second, we compare with WCS, a commonly used color man-
agement system for Windows, described in Section 21 Third, we compare with
Adobe CMM, another commonly used commercial color management system.
Underlying principles of this system is not available in public domain, however,
we can still compare the results of it with that of our method. Finally, we com-
pare with a linear interpolation of the color transfer function as proposed in [9].
For all these methods, we use a sparse sampling of colors, 93, as used in our
method. However, for the linear interpolation method, we also compare with a
much denser sampling, 162, as proposed in [9]. Please note that capturing 9% and
162 images in our experiments with a high-end camera took about 2 hours and
11 hours respectively. For projectors in addition to the longer calibration time
heating issues also come into picture when we capture 163 images.

To show the effectiveness of our non-linear parametrization (Section Bl), we
show that a version of our method where the reparametrization is not applied
yields less accurate results. The advantage of our reparametrization is further
emphasized by the reduction of error when it is applied for the linear interpola-
tion method [9].

Note that after combining linear interpolation with our nonlinear reparame-
terization and with using 6 times more images we achieved statistically similar
results compared to our method. However, we still see severe local artifacts in
the linear interpolation results due to the lack of smoothness constraints. This
is more pronounced in the whitish images (Figures [ and [{).
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Matching Different Projectors: We have used our method on three types of
projectors: LCD (Epson EMP 74), LCoS (Canon Realis X700) and DLP (Sharp
XG-PH50X and InFocus Screenplay 4800). Unlike three-primary LCD and LCoS,
DLP projectors use a four-color filter wheel. Thus, they exhibit the greatest de-
vation from an ideal monotonic parallelepiped gamut due to strong contribution
from the fourth ’white’ primary. We use two desired images in SRGB space: (a)
a smooth linear gradient from black to white (Figure[H) and (b) a color gradient
image which shows smooth transition of colors from red, green, blue and white
(Figure o). Note that the existing methods show significant deviation from the
desired image and also visual artifacts like blotches while our method yields
smoother and more accurate colors; the error statistics in Table [I] emphasize
this. In particular, the color matching is significantly improved by our method
compared to the method for ideal devices when applied to devices that deviate
significantly from ideal additive gamut (like the InFocus DLP projector).

The results of any color transformation method is best illustrated when used to
match colors across spatially contiguous devices when humans are more sensitive
in detecting color differences [I]. We used our method to achieve color matching
across displays made of multiple projectors. We built a three-projector display
with projectors of different technology and balanced their color using different
methods for comparison. The remaining spatial variation of intensity after the
color matching is corrected using methods by Majumder and Stevens [21].

In the first setup,

) we use an LCoS, an
Printed Image E 4 LCD and a DLP pro-
Our Method II jector (Figurem) and

Method for Ideal Devices  NGTNTNENG | compare it with color

wes B matching method for

Adobe CMM BT | ideal dovices o the

second setup, we use

an LCD projector with
Fig.9. Comparison of printer-to-projector color matching {wo DLP projectors

for a black-to-white gradient. Note that our method provides

R and compare with the
the closest match and the smoothest color transitions.

method for ideal de-
vices and the linear
interpolation technique in [9]. In both cases, existing methods show color mis-
matches or visual artifacts like blotching and banding while our method shows
a seamless result, especially for flat white, the most testing pattern for demon-
strating color matching. Note that multi-projector displays are usually never
built using projectors of different technologies to avoid the difficult color match-
ing problem. Also, LCD projectors that are close to ideal are the most common
choice for multi-projector displays so that method for ideal devices can be used
to achieve the color matching. Our result demonstrates that seamless displays
made of projectors of different technologies are possible if a sophisticated color
management algorithm as ours is applied.
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Fig. 10. Comparison of printer-to-projector color matching for a natural image. Differ-
ence from input image is shown in the second row of images. From left to right are the
printed image, our method, method for ideal devices, WCS, and Adobe CMM. Note
the banding artifact and less vibrancy in color due to inaccurate color match in WCS,
Adobe CMM and the method for ideal devices when compared to our method. Please
zoom in to see the differences.

Fig. 11. Panorama generated from images captured by three different cameras, when
using no color matching (left), inverse transformation for ideal devices (middle) and
color matching using our method (right). The image on the left shows severe color
mismatch. This is not corrected by the middle one — note the greenish tinge in the
white of the floor and ceiling near the center and also lower saturation of the green
color of the ping-pong table. These artifacts are completely removed by our method
on the right. Please zoom in to see the differences.

Matching a Projector to a Printer: We demonstrate the use of our method
for matching a target projected image to its source printed counterpart. To sam-
ple the color transfer function of the printer, we capture with the measurement
camera a printed color chart of the 9x9x9 samples. Then apply the different
methods to match the color (Figure H]). For this, we use a gray gradient (Figure
@) and a natural image (Figure [I[0]). We find our method to provide the closest
match devoid of any banding artifacts. The error statistics on the deviation from
the original is summarized in Table 21

Matching Different Cameras: We use our method to match color across three
cameras (Sony DSC-W1, Sony DSC-F707, and Canon SLR, 30D) that together cap-
ture a panorama (Figure[IT]). To find the correspondence between the RGB space
of each camera and XYZ space, we capture multiple images using our measurement
camera and the camera whose color has to be characterized. Following a homog-
raphy based registration, this provides us millions of correspondences. We choose
the appropriate ones to assure a close to uniform sampling in the RGB space.
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Table 2. The average, maximum, and standard deviation of AFE color difference of the
captured image from the original image of our linear gradient (Fig. ), in the first row,
and natural scene (Fig.[I0)), in the second row, for projector-to-printer color matching.

Our Ideal WCS Adobe CMM
2.71 6.71 1.54 3.73 10.22 2.13 6.35 12.90 3.48 5.31 9.97 2.71
2.66 9.41 1.72 4.58 15.16 2.34 5.08 16.96 3.63 4.60 14.89 2.98

5.1 Discussion

Generality: Since our method works directly with the three channel input in
which media is usually formatted, it can handle any device irrespective of the
actual number of primaries used and the exact method of combining them within
the device. Since, our method can be used for both direct and inverse color
transformations, it can be used for both capture and display devices alike.

Backward Compatibility: When handling devices that are ideal or close to
ideal, instead of sampling the output color at all k3 samples, we can just measure
the output color at k values for each channel, i.e. 3k measurements. Rest of
the samples can be predicted using the additivity assumption. The rest of the
our method remains unchanged. Hence, our method is backward compatible to
ideal devices, as is demonstrated by the superior results on the near ideal LCD
projector (Figure [ and []).

Superior Color Management: To illustrate the significantly better results of
our method, we choose projectors since they are good examples of commodity
devices with all kinds of anomalies (Figure[I]). Almost all different projector tech-
nologies (LCD, LCoS, DLP) show channel color non-constancy. LCoS and DLP
projectors are severely non-additive in nature. [I8] presents extensive studies
on projectors that show non-monotonic color responses. Same is shown in [22].
Non-monotonicity is also common in cameras [23]. Unlike linear interpolation
that assumes monotonicity and WCS that does not preserve monotonicity, our
Bezier based method handles non-monotonicity better. Further, unlike existing
methods that can handle only additive gamuts or assure only C° continuity while
handling non-additive gamuts, our method assures C? continuity for both addi-
tive and non-additive gamuts. Hence, our method yields superior results that all
existing methods consistently.

Degree of the Bezier: We experimented with Beziers of degree up to 6. Cubic
Beziers provided a good fitting that was improved marginally by using degree
4. We chose the cubic Bezier for faster GPU implementation. Degrees 5 and 6
showed some visual noise due to over fitting. However, the user can choose the
degree that works best for the particular device.

Perceptual Plausibility: Please note that Even though statistically in some
of the experiments the non-linear interpolation method with a higher sampling
rate achieved similar results to our method still it shows severe local artifacts
especially for white as can be seen in Figures Bl and 8 This is due to the fact
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that our method uses a smooth non-linear interpolation which makes it devoid
of these local artifacts. Also please note that these statistical results achieved in
combination with our reparameterization and with 6 times more samples.

Sparse Sampling: The sparse sampling for reconstructing the color transfer
function is also an additional advantage of our method. Our method requires
93 = 729 samples, an order of magnitude smaller than the 163 = 4056 samples
required for the linear interpolations that provide somewhat comparable results.
In case of some devices such as projectors we need to capture one image per
sample. With a high-end camera it took about 2 hours to capture the 729 images
while it takes 11 more than hours for 4056 samples.

6 Conclusion

We have presented a new general method for computing the direct and inverse
color transformations for non-ideal devices. This can be extremely useful for
addressing color management demands of commodity devices. Our Bézier repre-
sentation of these functions is general, can be stored compactly, and evaluated
in real-time using a GPU. Since our method does not make any assumptions
on the nature of the color properties of the device, we have shown that it can
be used to match colors across heterogeneous display and capture devices. In
the future this work can be used as a foundation to explore color seamlessness
algorithms for multi-camera or multi-projector systems.
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Abstract. In this paper, we propose a simple but effective specular highlight
removal method using a single input image. Our method is based on a key obser-
vation - the maximum fraction of the diffuse color component (so called max-
imum diffuse chromaticity in the literature) in local patches in color images
changes smoothly. Using this property, we can estimate the maximum diffuse
chromaticity values of the specular pixels by directly applying low-pass filter to
the maximum fraction of the color components of the original image, such that the
maximum diffuse chromaticity values can be propagated from the diffuse pixels
to the specular pixels. The diffuse color at each pixel can then be computed as a
nonlinear function of the estimated maximum diffuse chromaticity. Our method
can be directly extended for multi-color surfaces if edge-preserving filters (e.g.,
bilateral filter) are used such that the smoothing can be guided by the maximum
diffuse chromaticity. But maximum diffuse chromaticity is to be estimated. We
thus present an approximation and demonstrate its effectiveness. Recent develop-
ment in fast bilateral filtering techniques enables our method to run over 200 x
faster than the state-of-the-art on a standard CPU and differentiates our method
from previous work.

1 Introduction

The spectral energy distribution of the light reflected from an object is the product of
the spectral energy distribution of the illumination and the surface reflectance. Using the
dichromatic reflection model [[14], the reflected light can be separated into two compo-
nents, due to specular and diffuse reflections, respectively. Specular reflection presents
difficulties for many computer vision tasks, such as segmentation, detection and match-
ing, since it captures source characteristics, creating a discontinuity in the omnipresent,
object-determined diffuse part. For simplification, specularities are usually disregarded
as outliers by methods that are based on the diffuse component analysis. Since the pres-
ence of specular reflection is inevitable in real world, and they do capture important
scene information, e.g., surface shape and source characteristics, incorporation of spec-
ularity regions in the analysis is important.

Previous methods for separating reflection components can be separated into two
categories by the number of images used. The first category uses multiple images taken

* The source code and the tested images are available on the author’s website. The support of
Hewlett-Packard under the Open-Innovation Research program is gratefully acknowledged.

K. Daniilidis, P. Maragos, N. Paragios (Eds.): ECCV 2010, Part IV, LNCS 6314, pp. 87 010‘
(© Springer-Verlag Berlin Heidelberg 2010
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under specific conditions (e.g., viewpoint, lighting direction, etc.) or using single. [9]
used multiple images captured from different polarization angles. Sato and Ikeuchi [[13]
employed the dichromatic model for separation by analyzing color signatures in many
images captured with a moving light source. Lin and Shum [6] also changed the light
source direction to produce two photometric images and used linear basis functions to
separate the specular components. [[11] again requires different illumination directions.
These approaches are of restricted use in a general setting since the light source is usu-
ally fixed in the real world. A feasible solution is to change the view point instead of
changing the illumination direction. Using multiple images taken from different view-
ing directions, Lee [4] presented a method for specular region detection and Lin [5]]
removed the highlights by treating the specular pixels as outliers, and matching the re-
maining diffuse parts in other views. However, this method may fail if the size of the
highlight region is large, because then the large number of pixels involved can not be
considered as outliers. These methods are moderately practical, since it may not always
be possible to meet the required conditions in practice.

Highlight removal using a single image, as in the other category, is generally much
more challenging. When dealing with multi-colored images, most single-image-based
methods require color segmentation (e.g., [3],[l]) which is known to be non-robust
for complex textured images or requires user assistance for highlight detection [16].
It was therefore a significant advance when Tan and Ikeuchi [20] demonstrated that
highlights from textured objects with complex multi-colored scenes can be effectively
removed without explicit color segmentation. This method removes highlights by iter-
atively shifting chromaticity values towards those of the neighboring pixel having the
maximum chromaticity in the neighborhood. The neighborhood is determined using a
“pseudo-coded” diffuse image which has exactly the same geometrical profile as the
diffuse component of the input image and can be generated by shifting each pixel’s
intensity and maximum chromaticity nonlinearly. Assuming that the specular inten-
sity is either zero (for diffuse pixels) or a constant, Shen and Cai [13]] introduced a
fast highlight removal method using a modified “pseudo-coded” diffuse image, but this
method only works for multi-color surfaces when the dominant highlight region is ap-
proximately uniform. Similar to the “pseudo-coded” diffuse image presented in [20],
Mallick et. al. [8] proposed an SUV color space which separated the specular and dif-
fuse components into S channel and UV channels. This SUV space was further used
for highlight removal by iteratively eroding the specular channel using either a single
image or video sequences [7]]. This type of approaches may encounter problems due to
discontinuities in surface colors, across which diffuse information cannot be accurately
propagated.

Other approaches for single-image highlight removal analyze the distributions of
image colors within a color space. Tan and Ikeuchi [[19] related the specular pixels to
diffuse pixels for every surface color by projecting image colors along the illumination
color direction to a point of lowest observed intensity. As a result, the decomposition
can be expressed in a close form, and can be solved directly for every pixel. Their
experimental results contained noise caused by a number of factors, including image
noise, color blending at edges, and multiple surface colors. By integrating the tex-
ture from outside the highlight to determine the candidate diffuse color for traditional
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color-space technique, that is for each pixel, a set of candidate diffuse colors is obtained
from a texture scale of 1 x 1, and is iteratively pruned as the texture scale increase, Tan et
al. [[17] showed appreciable improvements in diffuse-highlight separation. This method
requires that there are enough repetitive textures locally and the highlight does not have
similar color to the surface.

All above methods that use a single input image share the same problem that they
are not capable for real-time applications, e.g., stereo matching for specular surfaces,
and generally result in noticeable artifacts. In this paper, we propose a simple but ef-
fective specular highlight reduction method using a single input image. Our method
is closely related to [20], in which, the diffuse color of a specular pixel is derived as
a nonlinear function of its color (from input image) and the maximum fraction of the
diffuse color components which is denoted as maximum diffuse chromaticity in the pa-
per. The final step is estimating the maximum diffuse chromaticity value for every pixel
which is a non-trivial problem, and a method which iteratively shifting chromaticity
values towards those of the neighboring pixel having the maximum chromaticity in the
neighborhood was proposed. Our method is the same as [20] except for the way of esti-
mating the maximum diffuse chromaticity. Based on a key observation - the maximum
diffuse chromaticity in local patches in colorful images generally changes smoothly,
we estimate the maximum diffuse chromaticity values of the specular pixels by di-
rectly applying low-pass filter to the maximum fraction of the color components of the
original image, such that the maximum diffuse chromaticity values can be propagated
from the diffuse pixels to the specular pixels. Our method can be directly extended for
multi-color surfaces if edge-preserving filters (e.g., bilateral filter) are used such that the
smoothing can be guided by the maximum diffuse chromaticity. In practice, maximum
diffuse chromaticity is unknown and is to be estimated. We thus present an approxima-
tion and demonstrate its effectiveness.

Our method have benefited a lot from the recent development in fast bilateral filter-
ing techniques [[12], [23], [24]], which enables our method to run 200x faster than [20
on average. Another advantage of our method is that image pixels are processed inde-
pendently, allowing for parallel implementation. Our GPU implementation shows that
our highlight removal method can process 1MB images at video rate on an NVIDIA
Geforce 8800 GTX GPU.

Besides having the speed advantage, our method does not have the non-converged
artifacts due to discontinuities in surface colors as presented in [20]. The use of low-
pass filter guarantees that the estimated maximum diffuse chromaticities will be locally
smooth, so are the estimated diffuse reflections. Nevertheless, since the theory of our
method is heavily built upon [20], it shares most of the limitations with [20], e.g., the
input images have chromatic surfaces, the output of the camera is linear to the flux of the
incident light, and the illumination chromaticity can be correctly measured/estimated.

2 Algorithm

In this section, we first briefly review the adopted reflection model (Sec.[2Z.1)), and then
present a real-time highlight removal method (Sec.2.2)).

! The source code is available on its author’s homepage [18].
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2.1 Reflection Model

Using standard diffuse+specular reflection models commonly used in computer graph-
ics, the reflected light color (J) captured by a RGB camera can be represented as a
linear combination of diffuse (JP) and specular (J5) colors:

J=JP +J5. (1)
Let chromaticity be defined as the fraction of color component ¢

Je
Zce{r,g,b} JC ,

where ¢ € {r, g,b}, we define diffuse chromaticity A. and illumination chromaticity
I, as follows:

Oc =

2

Ae = ¢ , 3)
© Yectran 1P

JS

I, = .
Zce{r,g,b} ‘];:S

“

Following the chromaticity definition in Eqn. @), (3) and @), we express the reflected

light color J. as
Je=Ac Y. I+ Y TS )
ue{r,g,b} ue{r,g,b}
Assumed that the illumination chromaticity can be measured (with a white reference)

or estimated [21]], using which the input image can be normalized such that I'. = I'y =
Iy=1/3and J7 = J7 = J = J°. Then the diffuse component can be written as

JP =J.—J%, (©6)

according to Eqn.
Following the chromaticity definition in Eqn. @) and (@), we define maximum chro-
maticity as
Omaz = Max(o,,04,0p) (7

and maximum diffuse chromaticity be
Appag = max(A,, Ag, Ap). )
Tan [20] shows that the diffuse component can be represented as a function of A, 4,

maXye{r,g,b} Ju — A Zue{r,g,b} Ju

D
Am = Je
JC ( ax) J 1- 3Amaz

®

Since surface materials may vary from point to point, A,,,, changes from pixel to pixel
in real images but is limited from é to 1.
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(a)Input. . (c)Pseudo diffuse.

(@Diffuse (20D, (©) O = Ao A

(g)Diffuse(ours, 1 iter.). (h)Diffuse(ours, 3 iter.). (i)Diffuse(ours, 10 iter.).

Fig. 1. Highlight removal on real data set. (a) is the input image; (b) is the maximum chromaticity
Omaz (Eqn.2) computed from (a); (c) is the “pseudo-coded” diffuse image computed using Eqn.
(@) by setting Ay,qz to a constant 0.5; (d) is the extracted diffuse reflection using the method pre-
sented in [2OFI; (e) is the maximum chromaticity 'mq. computed from (d) using Eqn. ) and (7).
Assuming (d) is the ground-truth diffuse reflection, then (e) is also the maximum diffuse chro-
maticity Amaz; (f) is our approximation (Amaz, Eqn.[I2) of the maximum diffuse chromaticity
Amaz; (2)-(1) are the extracted diffuse reflections using our method after 1, 3 and 10 iterations,
respectively. As can be seen, our method generally converges after 3 iterations, and (h) and (i)
are visually closed to (d).

Estimating the maximum diffuse chromaticity A,,,, for every pixel from a single
image is a non-trivial problem. However, if it is set to a constant, then a “pseudo-coded”
diffuse image which has exactly the same geometrical profile as the diffuse component
of the input image can be obtained. In this case, the saturation values of all pixels
are made constant and this “pseudo-coded” diffuse image is essentially a 2D image,
while the ground-truth diffuse image is a 3D image. The 2D “pseudo-coded” diffuse
image is just an approximation of ground truth, which will fail to preserve the feature
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discriminability for surfaces having the same hue but different saturation. However, it
is the best estimate we can get, and has been demonstrated to be effective for solving
the highlight removal problem in [20]. Fig.[[Ipresents such an example by setting A4
to a constant 0.5. Fig.[Il (a) is the input image, (b) is the maximum chromaticity values
Omaz computed from the input image (a), (c) is the “pseudo-coded” diffuse image, (d)
presents diffuse reflection extracted using the method presented in [20] and (e) presents
the maximum chromaticity values o4, computed from (d) using Eqn. @) and (@).
Assume that the specular highlights are correctly removed from (d), (e) is also presented
as the maximum diffuse chromaticity A, 4.

2.2 Highlight Removal Using Bilateral Filter

According to Eqn. (@), the highlight removal problem can be reduced as the searching
for the maximum diffuse chromaticity A,,,, which changes from pixel to pixel. How-
ever, as shown in Fig.[Il(d) and (e), the variance of A, is very small in local patches
when the surface colors are consistent. The maximum chromaticity 0,4, in Fig.[Il(b) is
the same as the maximum diffuse chromaticity A,,q, except for specular pixels, which
cause the intensity/color discontinuities within local patches of the same surface color.
Intuitively, applying low-pass filtering to the maximum chromaticity 7,4, in Fig.[dl (b)
will smooth out the variances due to specular highlights. However, there are two issues:

1. The smoothing filter should be edge-aware, such that the 0,4, values of two pixels
associated with different surface materials (A, 4, values are different) won’t be
blend together.

2. The diffuse pixels will be affected by the specular pixels after smoothing.

As a popular edge-aware operator, joint bilateral filter can be employed to smooth the
maximum chromaticity o,,,4, using the maximum diffuse chromaticity A,,,, as the
smoothing guidance. But A, is to be estimated, thus we need to find a substitution or
an approximation. Although the “pseudo-coded” diffuse image presented in [20] is free
of specularity, it is not a good substitution for this problem because its color depends on
both the surface geometry and material, while A is invariant to the surface geometry.
Let

Omin = min(UT,ag,Ub), (10)
we approximiate A, using A\, computed as follows

Oc — Omin

A (1)

1- 3o'min

The relationship between the approximated diffuse chromaticity A. and the real diffuse
chromaticity A, is captured in Theorem[I]and Theorem 2l

Theorem 1. For any two pixels p and q, if A.(p) = A.(q), then A.(p) = A\e(q).

Theorem 2. For any two pixels p and q, if A\.(p) = A\.(q), then A.(p) = A.(q) only
if Apin(P) = Amin(Q)-
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Note that A, is just an approximation of A., which will fail for the specific case spec-
ified in Theorem 2l However, it is the best estimate we can get. Fig. [Tl (f) presents the
maximum values of the approximated diffuse chromaticity

(UT_Umin Og — Omin Ub_Umin) (12)

A = max(Ar, Ay, \p) = ma ,
e X( noe b) * 1_30'771,1'77, 1_30'771,1'71,,1_30'77”'77,

computed from the input image presented in Fig. [Tl (a).
Using the approximated maximum diffuse chromaticity defined in Eqn. (12) to guide
the smoothing, the filtered maximum chromaticity o4, can be computed as follows

qun -7:(17» Q)g(Amaz (p), Amaz (Q))Umaz (Q)
qun f(pv Q)g()‘maw(p)»Amaz(Q)) ’

where F and G are spatial and range weighting functions which are typically Gaussian
in the literature [22]], [2].

The variances of the maximum chromaticity ,,,, due to specular highlights will
be reduced after filtering, and the filtered maximum chromaticity o . will be more
closed to A4, than 0,4, for the specular pixels. However, after smoothing, the diffuse
pixels will be affected by the specular pixels too. According to Theorem[3] the filtered
maximum chromaticity values o = of the diffuse pixels will be lower than the un-
filtered values 0,,,45- As a result, to exclude the contribution of the specular pixels, we

compare o, . and 0,4, and take the maximum value:

Opaz(P) =

(13)

Omax (p) = maX(Umamv Url;;am (p)) (14)

Theorem 3. Assume I, = é then Appaz > Omaz. Equality holds when the Ay, qp = é
We then iteratively apply joint bilateral filter to ¢,,4, such that the maximum diffuse
chromaticity values can be gradually propagated from the diffuse pixels to the specular
pixels. In practice, we compare the filtered values o7 . with 0,4, after every iteration.
The algorithm is believed to converge when their difference is smaller than a threshold
(set to 0.03 in our experiments) at every pixel. Our method generally converges after
2 — 3 iterations. Fig. [1] (g)-(i) present the extracted diffuse reflections after 1, 3 and
10 iterations, respectively. The proposed highlight removal algorithm is summarized in

Algorithm[Il

Algorithm 1. Highlight removal using a single RGB image

: Compute omq. at every pixel using the input image and store it as a grayscale image.
: Compute \mqz at every pixel using the input image and store it as a grayscale image.
repeat
-Apply joint bilateral filter to image o' mqqz USINg Amaz as the guidance image (Eqn. [14),
store the filtered image as of o
-For each pixel p, Omaz(p) = max(0maz (D), Otras(P));
until 67, — 0max < 0.03 at every pixel.

SN2

AN
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3 Experimental Results

To evaluate our method, we conducted experiments on a synthetic data set and several
real images either used in the previous work [20] or captured by a Sony DFW-X700
camera with gamma correction off. Quantitative evaluation can only be performed on
the synthetic image. For real images, we compared our results with images captured
with polarizing filters over the camera and the light source. Comparison with the high-
light removal method presented in [20] is also provided.

We first numerically compare our method with the method presented in [20] using
a synthetic image (used in [6]) presented in Fig. 2] (a). It turns out that performs
poorly on this dataset. propagates the maximum chromaticities from diffuse pix-
els to specular pixels by comparing the maximum chromaticities of two pixels each
time, and the greater value is adopted. However, the propagation fails to stop at color
edges, and separates incorrect diffuse components for this image. Our method uses a
local patch instead of only two pixels, and it is thus more robust and propagates the dif-
fuse chromaticity faster. For numerically evaluation, we compute peak signal-to-noise
ratio (PSNR) from the extracted diffuse reflections and the ground-truth presented in
Fig. 2 (d). PNSR larger than 40 dB often corresponds to almost invisible differences

(a)Input. (b)Diffuse (25.2 dB,[20]). (c)Diffuse (52.1 dB,ours). (d)Ground truth.

(©)Amaz- (Do maz(33.1dB,[20]).  (2)0maw (56.3 dB,ours). (h)omaz = Amaa-

Fig. 2. Highlight removal on a synthetic image. From (a)-(d): input image, diffuse reflection ex-
tracted using [IEIP, diffuse reflection extracted using our method and the ground truth. (e) is our
approximation (Eqn. of the maximum diffuse chromaticity A,q-. Unlike the “pseudo-coded”
diffuse image presented in [20]], our approximation is invariant to surface geometry. (e) is used
as the guidance image for the bilateral filtering process in Algorithm[Il (f)-(h) present the max-
imum chromaticity computed from (b)-(d), respectively. As can be seen in (b) and (f), [20] has
two main problems for this data set: (i) pixels around highlight edges remain specular although
there is no visible discontinuities around the highlight regions in the estimated maximum diffuse
chromaticity as presented in (f); (ii) [20] propagates the maximum chromaticities from diffuse
pixels to specular pixels. However, the fact that the propagation does not stop at color edges re-
sults in extracting incorrect diffuse reflections. Our method does not have these problems as can
be seen in (c¢) and (g). The PSNR value computed from (b) and (d) is 25.2 dB, and 52.1 dB from
(c) and (d).
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(a)Input. (b)Diffuse ([20]). (c)Diffuse (ours).

(d)Input. (e)Diffuse ([20]). (f)Diffuse (ours).

Fig. 3. Highlight removal on the images provided in [ZOF]. From left to right: input image, diffuse
reflection extracted using [20], diffuse reflection extracted using our method. Visual comparison
shows that our method is comparable to [20] for these data sets but much faster.

as suggested in [10]. The PSNR values obtained using [20] and our method are 25.2
and 52.1 dB, respectively, which agree with our subjective evaluation that there is no
visible difference between the extracted diffuse reflection using our method (Fig. [2l(c))
and the ground truth (Fig.2](d)). Fig.Rl(e) presents our approximation (Eqn.[12)) of the
maximum diffuse chromaticity A,,,,, which is used as the guidance image for the bilat-
eral filtering process in Algorithm [l Fig. Bl (f)-(h) present the maximum chromaticity
computed from (b)-(d), respectively.

Fig. Il and Bl compare our method with [20] using the images provided by the author
of [20]. Visual comparison shows that the performance of the two methods is similar
while no ground truth is available for quantitative comparison.

Finally, we conducted experiments on two real images with ground-truth diffuse
reflections captured by polarizing filters over the camera and the light source. The ex-
perimental results are presented in Fig.[and[5l The ground-truth diffuse reflections are
presented in Fig. [ (d) and 3] (d). Fig. [l (e) and [5] (e) present our approximations (Eqn.
[[2) of the maximum diffuse chromaticities A,,,, which are used as the guidance image
for the bilateral filtering process in Algorithm[Il We next computed the maximum chro-
maticity 0,4, using Fig.[d(b)-(d) and ] (b)-(d), respectively, and presented the results
in Fig. [ (f)-(h) and ] (f)-(h). The dark pixels are excluded to avoid quantization noise.
We next compared (f) and (g) in Fig. 4 and 3] with the ground-truth maximum diffuse
chromaticity images presented in Fig.d] (h) and Fig.[3] (h) since the diffuse reflection is
represented as a function of the maximum diffuse chromaticity A, 4. Accurate A,
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results in accurate diffuse reflection. We don’t use the PSNR values computed from the
ground-truth diffuse reflection in Fig. 4] (d) and Fig.[3] (d) because the amount of light
captured with and without the polarizing filters are different. The PSNR values com-
puted from Fig. [ () and (g) are 38.0 and 40.8 dB, which shows that both [20] and our
method are suitable for single-color objects. The PSNR values computed from Fig. [5](f)
and (g) are 21.2 and 33.1 dB. Hence, the estimated diffuse reflection using our method
(Fig. B (g)) is not very accurate although it is a bit better than [20] (Fig. B (f)). How-
ever, if we exclude pixels with maximum chromaticity less than or equal to 0.37, which
means that most of the pixels near neutral (our method is limited to chromatic surfaces)
are excluded, the PSNR values obtained using [20] and our method are raised to 24.7
and 40.7 dB, respectively. In this case, the diffuse reflection computed using our method
is comparable to the ground truth as PSNR larger than 40 dB often corresponds to al-
most invisible differences. However, the diffuse reflection extracted using the method
presented in [20] is still of low quality as can be seen from the obtained PSNR values.
Both visual and numerical comparison on real images show that our method is a bit
more robust/accurate than [20], but both methods are invalid for grayscale surfaces.

Fig. [6l compares the runtime of the method presented in [[20] and ours. Note that the
speeeup factor of our method is generally over 200.

(a)Input. (b)Diffuse ([20]). (c)Diffuse (ours). (d)Ground truth.

(©)Amaz- (H)0maz (38.0 dB, [20]). (2)0maz (40.8 dB, ours). (h)omaz = Amaaz-

Fig. 4. Highlight removal on a low-textured image. From (a)-(d): input image, diffuse reflection
extracted using [20}11, diffuse reflection extracted using our method and the ground truth. (e) is our
approximation (Eqn.[I2)) of the maximum diffuse chromaticity A,qz. (€) is used as the guidance
image for the bilateral filtering process in Algorithm [1 (f)-(h) are the maximum chromaticity
computed from (b)-(d), respectively. The numbers under (f)-(g) are PSNR values computed by
comparing with the ground truth in (h), which numerically proves both [20] and our method are
suitable for low-textured scenes. The images are gamma corrected for better illustration.
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(a)Input. (b)Diffuse ([20]). (c)Diffuse (ours). (d)Ground truth.

(©)Amaz- (D)o maz (21.2 dB, [20]). (2)Tma= (33.1 dB, ours). (W)omaz = Amaz-

Fig. 5. Highlight removal on a heavy-textured image. From (a)-(d): input image, diffuse reflection
extracted using [20P, diffuse reflection extracted using our method and the ground truth. (e) is our
approximation (Eqn.[I2)) of the maximum diffuse chromaticity Aq.. (€) is used as the guidance
image for the bilateral filtering process in Algorithm [I (f)-(h) are the maximum chromaticity
computed from (b)-(d), respectively. The numbers under (f)-(g) are PSNR values computed by
comparing with the ground truth in (h). Note that neither our method nor [20] is of high quality
when comparable to the ground truth as many pixels are close to neutral. Nevertheless, the PSNR
value computed from our method is still a bit higher than the value computed from [20]. More
over, visually comparison shows that the color of extracted diffuse reflection using [20] is a bit
less accurate. The images are gamma corrected for better illustration.

o
o

NN W
o a
o

Speed up factor

G L L L
1 3 4 5 6
Input image index (correspond to Fig. 1(a), 2(a), 3(a), 3(d), 4(a), 5(a), respectively).

—
a

Fig. 6. Speed comparison. This figure shows that our method runs over 200 faster than [20] on
a standard CPU except for the second data set, which is the synthetic image presented in Fig.
(a). But note that [20]] obtains incorrect diffuse reflection from this data set, thus probably, the
iterative algorithm presented in [20] stops before convergence.
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Conclusions

We have proposed a new highlight removal model in the paper. Using a single color
image, the highlight removal problem is formulated as an iterative bilateral filtering
process which normally converges in 2 to 3 iterations. Unlike previous methods, the
presented technique can process high-resolution images at video rate thus is suitable
for real-time applications, e.g., stereo matching for specular surfaces. Besides, this tech-
nique does not result in noticeable artifacts, and guarantees that the estimated diffuse
reflections will be locally smooth.

References

10.

11.

12.
13.

14.

15.

16.

17.

Bajcsy, R., Lee, S., Leonardis, A.: Detection of diffuse and specular interface reflections and
inter-reflections by color image segmentation. [IICV 17(3), 241-272 (1996)

Durand, F., Dorsey, J.: Fast bilateral filtering for the display of high-dynamic-range images.
In: Siggraph, vol. 21 (2002)

Klinker, G., Shafer, S., Kanade, T.: The measurement of highlights in color images.
LCV 2(1), 7-32 (1988)

Lee, S., Bajcsy, R.: Detection of specularity using color and multiple views. In: Sandini, G.
(ed.) ECCV 1992. LNCS, vol. 588, pp. 99-114. Springer, Heidelberg (1992)

Lin, S., Li, Y., Kang, S., Tong, X., Shum, H.Y.: Diffuse-specular separation and depth recov-
ery from image sequences. In: Heyden, A., Sparr, G., Nielsen, M., Johansen, P. (eds.) ECCV
2002. LNCS, vol. 2352, pp. 210-224. Springer, Heidelberg (2002)

Lin, S., Shum, H.Y.: Separation of diffuse and specular reflection in color images. In: CVPR,
pp- 341-346 (2001)

Mallick, S.P., Zickler, T., Belhumeur, P.N., Kriegman, D.J.: Specularity removal in images
and videos: A pde approach. In: Leonardis, A., Bischof, H., Pinz, A. (eds.) ECCV 2006.
LNCS, vol. 3951, pp. 550-563. Springer, Heidelberg (2006)

Mallick, S.P., Zickler, T.E., Kriegman, D.J., Belhumeur, P.N.: Beyond lambert: Reconstruct-
ing specular surfaces using color. In: CVPR, pp. 11619-11626 (2005)

Nayar, S., Fang, X., Boult, T.: Separation of reflection components using color and polariza-
tion. JCV 21(3) (1996)

Paris, S., Durand, F.: A fast approximation of the bilateral filter using a signal processing
approach. In: Leonardis, A., Bischof, H., Pinz, A. (eds.) ECCV 2006. LNCS, vol. 3954, pp.
568-580. Springer, Heidelberg (2006)

Park, J., Tou, J.: Highlight separation and surface orientation for 3-d specular objects. In:
ICPR, pp. I331-1335 (1990)

Porikli, F.: Constant time o(1) bilateral filtering. In: CVPR (2008)

Sato, Y., Ikeuchi, K.: Temporal-color space analysis of reflection. JOSA 11(11), 2990-3002
(1994)

Shafer, S.: Using color to separate reflection components. Color Res. App. 10(4), 210-218
(1985)

Shen, H.L.., Cai, Q.Y.: Simple and efficient method for specularity removal in an image.
Applied Optics 48(14), 2711-2719 (2009)

Tan, P, Lin, S., Quan, L., Shum, H.Y.: Highlight removal by illumination-constrained in-
painting. In: ICCV, p. 164 (2003)

Tan, P, Quan, L., Lin, S.: Separation of highlight reflections on textured surfaces. In: CVPR,
pp- 1855-1860 (2006)



Real-Time Specular Highlight Removal Using Bilateral Filtering 99

18. Tan, R.: Highlight removal from a single image,
http://www.commsp.ee.1ic.ac.uk/~rtan/code.html

19. Tan, R., Ikeuchi, K.: Reflection components decomposition of textured surfaces using linear
basis functions. In: CVPR, pp. 1125-1131 (2005)

20. Tan, R., Ikeuchi, K.: Separating reflection components of textured surfaces using a single
image. PAMI 27(2), 178-193 (2005)

21. Tan, R.T., Nishino, K., Ikeuchi, K.: Illumination chromaticity estimation using inverse-
intensity chromaticity space. In: CVPR, pp. 673-680 (2003)

22. Tomasi, C., Manduchi, R.: Bilateral filtering for gray and color images. In: ICCV, pp. 839—
846 (1998)

23. Yang, Q., Tan, K.H., Ahuja, N.: Real-time o(1) bilateral filtering. In: CVPR (2009)

24. Yang, Q., Wang, S., Ahuja, N.: SVM for Edge-Preserving Filtering. In: CVPR (2010)

A Proof of Theorem [1]

For any two pixels p and ¢, let
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For any two pixels p and g, if A.(p) = A.(q), Eqn. (I9) ensures that \.(p) = A:(q).
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B Proof of Theorem

—

For any two pixels p and ¢, assume .

Ac(p) - Amin

—

Amin (Q)

If Apin(p) = Amin(q), from @Q) we obtain A.(p) = A.(q).

C Proof of Theorem

let Jy00 = max(J,, Jy, Jp), according to the definition of 0,44,
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Abstract. This paper presents a method for learning artistic portrait
lighting template from a dataset of artistic and daily portrait photographs.
The learned template can be used for (1) classification of artistic and
daily portrait photographs, and (2) numerical aesthetic quality assess-
ment of these photographs in lighting usage. For learning the template,
we adopt Haar-like local lighting contrast features, which are then ex-
tracted from pre-defined areas on frontal faces, and selected to form a
log-linear model using a stepwise feature pursuit algorithm. Our learned
template corresponds well to some typical studio styles of portrait pho-
tography. With the template, the classification and assessment tasks are
achieved under probability ratio test formulations. On our dataset com-
posed of 350 artistic and 500 daily photographs, we achieve a 89.5%
classification accuracy in cross-validated tests, and the assessment model
assigns reasonable numerical scores based on portraits’ aesthetic quality
in lighting.

1 Introduction

The word photography, first used in 1839 by Sir John Herschel, came from two
Greek words photos (light) and graphé (drawing) [I]. Just like brushes and pig-
ments of painters, light is the major tool of photographers for creating beautiful
pictures. The art of lighting in photography has been so heavily influencing the
aesthetics of photographs, that learning to manipulate lighting is the doorway to
high-quality photography. Especially, understanding how light works and having
an appreciation of good lighting is at the root position of photographer train-
ing [2]. The goal of this paper is to enable computers to appreciate good lighting,
namely, to distinguish artistic photographs with outstanding lighting composi-
tion from daily (commonplace) ones (as shown in Figlll), and to quantitatively
assess their visual aesthetics quality in lighting usage.
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Fig. 1. Two portrait photographs(a) is usually considered as an artistic photograph,
while (b) is often considered as a daily one

In recent literature, classification of images according to the quality of visual
aesthetics, including photographs [BIAI5G[T], paintings []], etc., and numerical
quality assessment of them [35], have attracted increasing interest. Most ex-
isting work towards this interest follows three steps: (1) collecting an image
dataset according to specific objectives, and separating it into two subsets con-
taining the “good” and “bad” images, respectively, (2) designing various features
and extracting them from these collected images, and (3) training a classifier to
automatically judge a test image’s quality class, or fitting a model to data with
consensus scores of aesthetics quality from various training sources in order to
assess the test image numerically. In early work [3/4] only global features were
used, then Datta et al. [5] considered local features within image regions, and a
few later studies [67I8] also included features extracted between regions. How-
ever, most of them did not use content-oriented features (e.g., features specially
designed for portrait, landscape), which limited their performance, because aes-
thetic metrics usually vary a lot over diverse image contents [29TO/TT].

As an attempt for content-oriented design towards the problem, this paper fo-
cuses on analyzing the lighting of portrait photography. Although factors such as
pose, personality, expression, etc., no doubt affect the aesthetics, the use of light-
ing itself plays a key role. According to professional studies on portrait photogra-
phy [2I9TOITT], lights and shadows on the face, with their relative locations, their
area ratios, etc., are the dominant facts of attraction, which also make the main
contribution to 3D perception of the 2D image on the photograph. Fig2lincludes
four typical lighting styles of artistic portrait photographs [2J9/T0/11]. The Rem-
brandt style is usually implemented with sidelight. It is featured by a triangular
highlight below one of the eyes, with its surrounding areas in dark shadows. The
Paramount style has a butterfly shape for the shadow between nose and mouth,
which is achieved with a key light in front of and above the model’s face. The Loop
style is named after the loop-shaped shadow below the nose. Light position for this
style should be between those of Rembrandt and Paramount styles. And with a
more extreme sidelight than that of the Rembrandt style, the Split style has half of
the face in shadow. Such categorization of styles inspired us that there probably
exists an artistic lighting template for each style, specified by the local contrast
within the parts of the face. Thus we divide the area of a frontal face into 16 rect-
angular parts as shown in FiglBl Choosing rectangles to represent facial parts is
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Rembrandt Paramount Loop Split

{ n E E l Lighting Contrast
Ri[] Filter Bank

center-vs-periphery top-vs-bottom left-vs-right

Fig. 2. Artistic lighting templates. Top row: four typical artistic lighting styles of por-
trait photography. Middle rows: Haar-like lighting contrast filters for measuring the
local contrast. Large local contrast can usually be captured by one of the filters, for
example, the Rembrandt style can be captured by the center-vs-periphery filter applied
below one of the eyes. Bottom row: example lighting templates for the styles, designed
manually for illustration.

for computational efficiency. We then adopt Haar-like features within each rectan-
gle to capture its local lighting contrast, which are extracted by a bank of filters of
different contrast types, target channels and statistics. The last row of Fig Plshows
the corresponding example lighting templates with the most distinctive features
for the above artistic lighting styles (note: features are selected manually for
illustration).
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Fig. 3. (a) A demonstration of professional photographers’ common practice to assess
portrait photographs’ lighting quality. The face is coarsely divided into 3x5 grids ac-
cording to the positions of hair, eyes, eyebrows, etc. Lights and shadows in these grids
are the criteria for lighting usage. Inspired by professional photographers, we do face
alignment (b) to detect feature points, then divide the face into 16 rectangular parts
(c) corresponding to the nose, mouth, eyes, etc.

We learn an artistic portrait template for these styles composed of local light-
ing contrast features using a stepwise feature pursuit algorithm. The learning
algorithm is built on a log-linear model of the probability distributions of artis-
tic portraits, with the feature responses as factors. The learned template can be
used for classifying artistic and daily portrait photographs in terms of lighting
usage. Furthermore, we use human experiments to obtain consensus scores of
portrait lighting to which we fit a regression model with our selected features
for predicting the aesthetic quality of a portrait photograph’s lighting.

The contributions of this paper include: (1) a learned common artistic light-
ing template of portrait photographs, (2) a method for modeling the lighting
usage of portrait photographs, with content-oriented designs of features and
template, and (3) evaluations of the strengths and weaknesses of our methods
and designs by applying them on a dataset containing 350 artistic and 500 daily
photographs.

2 Feature Design

We adopt Haar-like features to capture the lighting characteristics on important
parts of the face. Each feature F' consists of four components.

1. Spatial contrast type T', which can be left-vs-right, top-vs-bottom, or center-
vs-periphery, as shown in Fig[2] (above the bottom row).

2. Rectangular region R on the image lattice. According to the type T', region
R is divided into two equally sized subregions Ry and R; as shown in black
and white areas in Figl2

3. Target channel C of the image. Our adopted channels include the graylevel,
the three channels L, a and b in the CIE 1976 (L*,a*,b*) color space (note:



Learning Artistic Lighting Template from Portrait Photographs 105

L differs slightly from graylevel although the two channels are heavily corre-
lated), and the hue and saturation channels in the HSV color space. In order
to capture the effect of staggered highlight under sidelight, we also involve
the channel of graylevel gradients, as well as an edge channel (see component
4 below) including all edge pixels generated by a Canny edge detector [12].

4. Target statistic .S of the image. We consider 3 types of statistics: (1) mean
value p, (2) histogram h, and (3) density p which was specially designed for
the edge channel (i.e., the proportion of edge pixels).

With the above feature design, we define the local contrast r between the statis-
tics p, h and p of the two subregions Ry and R; as

rp =l —pol, o =JIS(hllho),  Tp=1lp1—pol, (1)

where JS(+||-) denotes the discrete Jensen-Shannon divergence [13]. We use r as
the feature response of F' in our model.

3 Template Learning

Let £24 denote the set of artistic portrait photographs, and 2p denote the set
of daily ones, we would like to build a template for {24 against 2p, as well as
a probability distribution upon this template. A template is a group of features
which characterize the artistic photographs. Suppose the template is composed
of a set of features {F,---, Fx}, a probabilistic model for each image I € 24
can be defined in a log-linear form [T4/T5] as

K

s =[] | expiunm}, (2)

k=1 F

in which ¢(I) is the null distribution of I without any knowledge of the feature
responses 7, A\, are weight parameters, and zj are normalizing constants for the
factors. For our case, we use the template to describe the new information of
photographs in {24 compared with those in {2p, and leave the rest information
in ¢(I). In this way, ¢(I) models the daily photographs.

We are interested in selecting an informative subset of the features for the
template, rather than using the whole feature set, for two reasons: (1) features
tend to be correlated, and (2) we prefer a simple template for both capability
of generalization and computational efficiency. Since selecting an optimal subset
of features at once is a non-trivial task, we adopt a stepwise feature pursuit
algorithm [I6/T5] to select one feature at a time to construct p(I).

Given a candidate feature set, we begin with an empty template corresponding
to the daily photo distribution po(I) = ¢(I) at step 0. Then at each step ¢, we
choose the max-gain feature

Fuy :argn}%XKL( Pt (1 (D) |[pe—1(ri(T)))
~ arg max KL (p: (ri (1)) llq(r& (D)) (3)
~ arg rr}%x KL(ha(re(D)||hp (r:(X)))
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candidate feature set {F1, -+, Fx}

feature

Fig. 4. Template learning. For each feature F} in the candidate feature set, its responses
ri(I) is calculated for all images in 24 and £2p, and two histograms ha(ri(I)) and
hp(rx(I)) are obtained for the artistic and daily photographs, respectively. Then the
KL divergence between the two histograms can be computed, as an approximation to
the information gain of Fj on our dataset.

on our dataset, where KL(-||-) is the Kullback-Leibler divergence, and h4()
and hp(-) are the histograms over 24 and (2p, respectively, as shown in Fig[dl
In Eq.(@)), the second approximation applies empirical estimates of marginal
probabilities with instances in the dataset. In order for the first approximation,
where we assume p;_1(ri(I)) = q(r(I)), to be feasible, we apply local inhibition
in the template learning process to reduce the correlations among the selected
features in the pursuit steps. Noticing the fact that the rectangular regions have
no or very little overlaps with each other, we simply assume independence of
features in different regions, and use the inhibition strategy that selects only
one feature from each rectangular part of the face. Meanwhile, for step ¢, the
parameters A\(;) and z(;) can be computed by solving the system

E, Z(lt) exp{Aiyrn (D} (D) | = Ep,[r (D] = Ef[r) (D]

Eq [exp{)\(t) ’I“(t) (I) }] = z(t)

with E4[-] & Meang, (-) and Ef[-] & Meang, (-) as empirical estimates according
to our dataset. The feature pursuit process stops when the Bayesian Information
Criterion (BIC) of the model reaches its minimum [I7].

(4)
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4 Inference for Classification and Assessment

4.1 Classification

Since the template is built for artistic photographs against daily ones, besides
modeling the former, it can also be used for classifying these two types. Given a
test portrait photo I, we can calculate a template matching score with

) K
) = 2 ure(D) — log ) . ()
k=1

1

MatchingScore(I) = log o

q(I
This follows a probability ratio test formulation. If the matching score is greater
than a learned threshold corresponding to a certain significance level (e.g., the
equal error rate (EER) threshold), the test photo is classified as an art photo,
otherwise it is classified as a daily one.

This classification algorithm differs from AdaBoost [I8] although the two have
similar formulations. In AdaBoost, each 7 (I) is a binary classifier, while in the
above method it is a continuous feature response. Using a continuous 7 (I) aug-
mented from binary classifier has two advantages: (1) it can usually lead to a
model with relatively smaller number of features since r4(I) becomes more infor-
mative, and (2) the model can be extended to predict a meaningful continuous
score (see the next section).

4.2 Numerical Assessment

In addition to classification, it is usually more useful to have a reasonable numer-
ical assessment of an input photo on its aesthetic quality. This can be achieved
by extending our learning algorithm to a regression framework.

In an empirical manner, we define the quality of a portrait photograph I as the
probability p that it is better than another random chosen portrait photograph J,
namely,

QualityScore(I) = p = E;(5) [1(I wins against J in quality)] , 6
()

where f is the distribution of all portrait photographs (either artistic or daily),
and 1(-) is the indicator function. For predicting the score p, we randomly choose
a fixed number n of photographs to compare with I, then the number of wins of I
should follow a binomial distribution binom(n, p). We do such comparison exper-
iments on many test images and obtain their scores, then estimate the effects of
the features on the score using logistic regression [19], by fitting the model

K

K
log 1 fp = Z()‘krk(I) —logzp) = Ao + Z A (T) . (7)
k=1 k=1

This model is able to output a score p € (0, 1) for the quality of test photographs.
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5 Experiments

5.1 Data Collection

Prior to experiments on learning and evaluating the template, we collect a
image dataset to work on. We collect 350 artistic portrait photographs from
3 sources: (1) masterpieces of portrait photography from famous photographers
(e.g., Yousuf Karsh, Arnold Newman), (2) collections from professional pho-
tography websites (e.g., photo.net, portrait-photos.org), and (3) scanned copies
from professional portrait photography books focusing on lighting [2I9TO/TT].

The 500 daily photographs for comparison are obtained from 2 main sources:
(1) popular photo hosting websites (e.g., flickr.com), and (2) image search en-
gines’ results for the keywords “face” and “daily life” (e.g., images.google.com).

The collected dataset tries to randomize irrelevant factors by spanning over
various poses, ethnic groups, etc. All images in our dataset are aligned using
AAM [20] to a standard frontal face before entering the algorithms. Sometimes
manual corrections are needed for better accuracy after automatic alignment
due to shadow effects.

5.2 The Learned Template

FigHl displays the set of candidate features and a learned template composed of
the selected 12 most informative features. The 12 rectangular parts cover most
of the area on the face. Most of the selected features are of the left-vs-right spa-
tial type. This matches the common lighting strategies for portrait photography
in studios: photographers usually change the directions of light in the horizontal
dimension. The parts for nose and the area between mouth and nose are the top
significant areas, which makes sense as these two parts are relatively complex in
geometry and have various appearances under different illumination conditions.
It is worth noticing that all color features (except one on saturation) are ignored
by the template learning process, which in turn proves the conjecture that lighting
is the major factor of artistic portrait photography.

5.3 Classification Results

Figll and Figlll shows the performance of our method in classifying artistic
and daily portrait photographs. Running 5-fold cross-validation, an average per-
formance is displayed with the ROC curve in Figlll The average classification
accuracy is 89.5% in these experiments using the EER threshold, which is quite
good considering the relatively small training sample size. Look at the failure
cases in Fig[ll—some are indeed hard to classify unless information such as poses
and expressions is involved.

5.4 Numerical Assessment Results

For the numerical assessment task, training data with the quality of photographs
are necessary for fitting the regression model (see Section {.2)). We obtain the
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14 filters x 16 parts = 224 features information gain
high lo
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left-vs-right mean graylevel L sray
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(a) candidate feature set (b) learned template

Fig. 5. (a) The feature set with 224 candidate features: for each of the 16 rectangular
parts of the faces, we have 14 local contrast filters. (b) A learned common artistic
portrait lighting template composed of the 12 most informative features, shown with
ranks marked by colored boundaries corresponding to the legend. The target channel
of the selected features are also marked. As for target statistics, all selected features
are on means.
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Fig. 6. The classification performance of the log-linear model with a fixed number of 12
features. The ROC curve displays the average performance in the 5-fold cross-validated
tests.
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True Art:

Tl

True Daily:

Fig. 7. Examples of classification results

Table 1. Logistic Regression Coefficients

Feature Est. Std.Err. z-score p-value Feature Est. Std.Err. z-score p-value

(I) —2.04 0.14 -14.82 <0.01 Fy 1.99 0.46 4.27 <0.01
Py 8.39 1.29 6.51 <0.01 Fg 4.45 0.69 6.45 <0.01
F 0.05 0.74 0.07 0.95 Fy 2.06 0.74 2.78 0.01
F3 —3.47 1.98 —1.75 0.08  Fio —1.88 0.66 —2.84 <0.01
Fy —0.09 0.86 —0.11 091  Fn1 —0.22 0.33 —0.66 0.51
Fy 1.57 0.61 2.57 0.01  Fi2 —4.04 0.77 =526 <0.01
Fs 0.32 0.80 0.40 0.69

consensus quality scores (i.e., winning probabilities against randomly chosen
images) with human experiments.

Human Experiments. We randomly choose 50 photographs (either artistic or
daily) from our dataset as training examples. We also choose 10 graduate students
of various majors as test subjects to do the comparisons between photographs.

For each I in the 50 training images, another 50 random images Jq,--- ,J50
from the rest of the dataset are sampled with replacement. Each of the 50 pairs
(I,J1),---,(I,T50) is displayed to a random test subject, who will compared the
two images and report their relative rank order in the quality of lighting. In this
way, a total of 2500 comparisons are performed, and the numbers of wins and
losses for the 50 training images are obtained for fitting the prediction model in
Section 2] Here the replacement ensures the constant probability condition for
assuming a binomial distribution [19].

Regression. Most features have favorable small p-values in the logistic regres-
sion (see Table [1]). Figl§ plots the fitted scores vs. the scores obtained from
human experiments. Due to the small size of the training set, and the small
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