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a b s t r a c t
In multi-view video, a number of cameras capture the same scene from different viewpoints. Color variations between the camera views may deteriorate the performance of multi-view video coding or virtual
view rendering. In this paper, a fast color correction method for multi-view video is proposed by modeling spatio-temporal variation. In the proposed method, multi-view keyframes are deﬁned to establish the
spatio-temporal relationships for accurate and fast implementation. For keyframes, accurate color correction is performed based on spatial color discrepancy model that disparity estimation is used to ﬁnd correspondence points between views, and linear regression is performed on these sets of points to ﬁnd the
optimal correction coefﬁcients. For non-keyframes, fast color correction is performed based on temporal
variations model that time-invariant regions are detected to reﬂect the change trends of correction coefﬁcients. Experimental results show that compared with other methods, the proposed method can promote the correction speed greatly without noticeable quality degradation, and obtain higher coding
performance.
Crown Copyright Ó 2010 Published by Elsevier Inc. All rights reserved.

1. Introduction
Three-dimensional (3D) video and imaging technologies is an
emerging trend in the development of digital video systems, as
we presently witness the appearance of 3D displays, coding systems and 3D camera setups. New video applications such as
three-dimensional television (3DTV) and free viewpoint video
(FVV) system have drawn wide attention [1]. 3DTV aims to provide
viewer depth perception of the scene by simultaneously rendering
multiple images for different viewing angles. Instead, FVV application provides the ability for user to interactively select view of the
scene. Since more views of a given scene would be needed in such
applications, multi-view acquisition [2], multi-view video coding
(MVC) [3] and virtual view rendering [4], etc, are the key technologies for 3DTV and FVV applications.
In a multi-view video system, multiple cameras capture the
same scene to form multi-view videos. Many factors may lead to
color inconsistency between views during acquisition. For example, it is often impossible to capture an object under perfectly constant lighting conditions across the views. Additionally, with
multiple cameras, the internal setting like the exposure or focus
setting may be varied. Furthermore, specular reﬂection may occur
that light is reﬂected in different directions with varying intensity.
Therefore, an important problem is how to compensate color differences between different views of images and videos when captured with multiple cameras.
* Corresponding author.
E-mail address: jianggangyi@126.com (G.-Y. Jiang).

Since multi-view video contains a large amount of inter-view
statistical dependencies, both temporal and inter-view predictions
are exploited in MVC [5,6]. However, when multi-view video data
are recorded, signiﬁcant variations are often observed between the
luminance and chrominance components of different views. These
discrepancies will reduce the correlation between different views,
and therefore affect compression efﬁciency. Furthermore, these
discrepancies will negatively affect rendering of new virtual views,
and lead to subjective quality degradation such as dizziness and
unnaturalness especially in random view access. Much works were
carried out to compensate the illumination changes among multiview cameras [7–9]. To improve the compression efﬁciency,
weighted prediction had already existed in H.264/AVC, which supports a multiplicative weighting factor and an additive offset [7].
Sohn et a1. used average and variance in blocks to compensate color and luminance in order to use H.264/AVC for MVC [8]. As part of
the standardization efforts of the JVT, a block-based illumination
compensation scheme was proposed for MVC [9], and adopted in
joint multiview video model (JMVM). However, for these methods,
the compensation process must be inversed at the decoder, and the
decoded views are still color inconsistent.
Color correction is an effective way to compensate the color
inconsistency in multi-view video. Many color correction methods
were proposed, in most of which color pattern board was used to
extract color mapping relationship between views [10]. However,
it is not easy to provide a color pattern in various imaging
conditions. Yamamoto et al. corrected luminance and chrominance
of views by using lookup tables, the correspondences of which
were detected by scale invariant feature transform [11]. Chen used
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linear transformation of YUV channels, the coefﬁcients of which
were obtained by simpliﬁed color error model [12]. Fecker modiﬁed the luminance and chrominance variations by calculating
lookup tables from histograms of two views [13]. In our previous
method, color correction was treated as an optimization problem,
and the effective color mapping relationships were calculated by
using dynamic programming technique [14].
On the other hand, there are many works that perform fast
implementation of color correction for multi-view images [15].
While extending to multi-view video, how to improve the correction accuracy and reduce computational complexity simultaneously remains an important problem worthy of study. The
most direct strategy is to perform color correction in frame-byframe mode, however the computational complexity is usually
intolerable. In our previous work, once color mapping relationship
is established at one time, the following color mapping relationship will be the same [16]. In [13], Fecker also supposed that the
mapping function is time-constant during a certain time period.
In fact, the assumption is not always kept especially when the multi-view imaging is time-varying. In general, it is a more difﬁcult
problem to achieve high correction accuracy and low computational complexity simultaneously. More accuracy correction can
yield a signiﬁcant increase in computational complexity, and vice
versa. Since the inter-view and temporal correlations are usually
strong in multi-view video, if we can model spatio-temporal variation, the above problem can be solved easily.
In this paper, we propose a fast color correction method for
multi-view video. The aim of the proposed method is to achieve
lower computational complexity and higher accuracy simultaneously when color correction is performed for multi-view video.
The paper begins by describing the spatial color discrepancy model
and temporal variation model in multi-view imaging. Based on
spatial color discrepancy model, a new color correction method
for multi-view images is proposed by using disparity estimation
and linear regression. Then, based on the temporal variation model, color correction is extended to multi-view video. Finally, experimental results for different test sequences are given and the
performances of computational complexity, correction accuracy
and coding efﬁciency are compared to those of other methods.
2. Spatial color discrepancy model in multi-view imaging
Multi-view video is captured by multiple cameras simultaneously from different viewpoints. For illustration, we show an
example of a typical multi-view imaging model with two cameras
in Fig. 1. In this case, the same object will appear different colors in
different views due to various imaging factors, and these inconsistencies will degrade the performance of subsequent MVC or virtual

view rendering. On the other hand, once the imaging condition is
ﬁxed, the color change trends will be constant during acquisition.
Therefore, it is necessary to model the color discrepancy in multi-view imaging.
The image intensity Ik taken from a Lambertian surface by a digital color camera can be described as

Ik ¼

Z

EðkÞSðkÞRk ðkÞdk

ð1Þ

k

where E(k) denotes spectral power distribution of the illumination,
S(k) denotes the surface spectral reﬂectance of the object and Rk(k)
is spectral sensitivity of the kth camera sensors.
A ﬁnite dimensional linear model [17] is used to describe the
spectral function of illumination and surface reﬂectance as a linear
combination of several basis functions

SðkÞ ¼

n
X

rj sj ðkÞ ; EðkÞ ¼

j¼1

m
X

ej ej ðkÞ

ð2Þ

j¼1

where m and n denote the numbers of basis functions, here, m and n
are set 3. sj(k) is the jth reﬂectance basis function, and rj is its
weighting coefﬁcient. ej(k) is the jth basis function for the illuminant, and ej is its weighting coefﬁcient.
Let A be the 3  3 spread matrix that corresponds to illumination and surface reﬂectance, b be the 3  1 offset vector of the
imaging sensors, x be the 3  1 vector of ideal values at a particular
pixel, and y is the 3  1 vector containing the measured values.
Then, under the ﬁnite dimensional linear model assumption, the
color discrepancy can be modeled as a linear transformation

y ¼ Ax þ b

ð3Þ

Starting from Eq. (3), we can derive color discrepancy model in
multiple cameras. As shown in Eq. (4), current and reference view
images are obtained at the same time instant from different cameras for the same scene

yref ¼ A1 xref þ b1
ycur ¼ A2 xcur þ b2

ð4Þ

where xref and xcur are ideal color values for current and reference
view images, respectively. yref and ycur are the corresponding actual
acquired color values for different cameras, respectively. Supposing
that xref and xcur are consistent in the matching pixels, the color discrepancy model between yref and ycur can be described as

^ref ¼ A1 A1
y
2 ðy cur  b2 Þ þ b1 ¼ Mycur þ T
1
M ¼ A1 A1
2 ; T ¼ b1  A1 A2 b2

ð5Þ

^ref denotes the matching pixels in reference view image that
where y
corresponds to ycur. However, due to the limited scene information

Fig. 1. Illustration of multi-view imaging.
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from only two images, the color discrepancy model derived at one
speciﬁc time instant cannot reﬂect the actual change trends at all
times. Thus, temporal extension of the color discrepancy model is
necessary.
3. Temporal variation model in multi-view imaging
In Fig. 2, considering color discrepancy over time, the same object will give different color values from different cameras at different time instant. In multi-camera imaging geometry, the same
object will give similar motion trajectory in different cameras,
and the disparity in neighboring views at different time stamp will
be equivalent. Supposing that Its ðx0 ; y0 Þ and Itsþ1 ðx1 ; y1 Þ are the color
tþ1
values for different views at time t, and Itþ1
s ðx2 ; y2 Þ and Isþ1 ðx3 ; y3 Þ
are the corresponding color values for different views at time
t + 1, respectively. Let g1() be color discrepancy relationship at t
time, and f1(), f2() be temporal variation relationships for the view
s and view s + 1, respectively. If we have derived the variation relationships as

complexity and accuracy, multi-view keyframes are deﬁned and
applied. Different with the keyframe concept in computer animation [19], the keyframe in this paper corresponds to a triggering,
which hints correction coefﬁcients should be updated. For keyframes, the correction matrices are obtained by performing color
correction directly. While for non-keyframes, the correction matrices are obtained from previous frames by utilizing temporal variation model. The interval between keyframes can be decided in
ﬁxed or adaptive way. In the proposed method, in order to be compatible with the following MVC, we only consider the ﬁxed keyframes interval, which is similar to the size of group of picture
(GOP) in MVC.
Thus, based on the above deﬁned multi-view keyframes, a new
color correction method for multi-view video is proposed. As
shown in Fig. 4, the method is summarized as follows.
Step 1. Check whether the current multi-view frames are keyframes or not. If they are keyframes then go to Step 2, otherwise, go to Step 3.
Step 2. Calculate the disparity vectors between multi-view
images by mean-removed sum of absolute differences (MRSAD)
based disparity estimation. Then, achieve color correction of
multi-view keyframes with linear regression.
Step 3. Detect time-invariant regions between two consecutive
frames. Then, achieve fast color correction based on the temporal variation model.

Its ðx0 ; y0 Þ ¼ g 1 ðItsþ1 ðx1 ; y1 ÞÞ
Its ðx0 ; y0 Þ ¼ f1 ðIstþ1 ðx2 ; y2 ÞÞ

ð6Þ

Itsþ1 ðx1 ; y1 Þ ¼ f2 ðItþ1
sþ1 ðx3 ; y3 ÞÞ
tþ1
Thus, the relationship between Itþ1
s ðx2 ; y2 Þ and I sþ1 ðx3 ; y3 Þ can be
easily represented by

tþ1
tþ1
1
Itþ1
s ðx2 ; y2 Þ ¼ f1 ðg 1 ðf2 ðIsþ1 ðx3 ; y3 ÞÞÞÞ ¼ g 2 ðIsþ1 ðx3 ; y3 ÞÞ

ð7Þ

where g2() denotes the color discrepancy relationship at time t + 1.
Therefore, if we can model the temporal variation f1() and f2()
in the above equation, the relationship between color discrepancy
models g1() and g2() can be easily established.
4. The proposed fast color correction method for multi-view
video
Fig. 3 shows a typical FVV reference model [18]. On the sender
side, multi-view images are captured with multiple cameras. The
captured images may contain the misalignment and color differences of the cameras. Then image correction, including geometric
calibration and color correction, should be performed. The corrected multi-view images are compressed for transmission and
storage by the encoder. On the receiver side, free viewpoint images
are generated by interpolating the decoded images and displayed
on a 2D/3D display. Therefore, color correction is a very important
process in the FVV system.
Since it is not practical to calculate the correction matrices in a
frame-by-frame mode, in order to ﬁnd a better tradeoff between its

4.1. The proposed color correction method for multi-view images
In the proposed method, keyframes provide a suitable abstraction and description of the color discrepancy information between
views, and the color discrepancy model for the subsequent frames
is inherited from the keyframes. Therefore, the keyframes should
be corrected accurately. The above color discrepancy model is derived from RGB format data. While for YUV video format, a linear
color transformation is also satisﬁed because the transformation
from RGB to YUV is also linear. Supposing view s as reference view,
color correction is performed for view s + 1 to obtain consistent
color appearance with the reference view. The color corrected values for each component is expressed as a weighted linear sum of
the current YUV values

2

3 2
Y cor
aY1
6
7 6
4 U cor 5 ¼ 4 aU1
V cor
aV1

32

3

2

3

aY4
aY2 aY3 Y sþ1
76
7 6
aU2 aU3 54 U sþ1 5 þ 4 aU4 7
5
aV2 aV3 V sþ1
aV4

ð8Þ

In order to derive the above coefﬁcients, we use MRSAD-based
disparity estimation [9] to ﬁnd matching points between reference
and current views, and perform a linear regression to derive the
coefﬁcients. For an N  N block of pixels located at position (x, y),
MRSAD is deﬁned as

MRSADði; jÞ ¼

xX
0 þN yX
0 þN

jðY sþ1 ðx; yÞ  lsþ1 Þ  ðY s ðx þ i; y þ jÞ

x¼x0 y¼y0

 ls Þj

ð9Þ

where Ys+1(x, y) and Ys(x, y) are luminance values of the view s and
the view s + 1, respectively, (i, j) represents a candidate disparity
vector, and ls+1 and ls are the mean values of pixels for each blocks,
respectively.
Here, the current view is ﬁrstly divided into 8  8 blocks, and
for each block, the disparity vector ds+1?s from view s + 1 to view
s is calculated by minimizing the MRSAD over a search range

dsþ1!s ¼ arg min MRSADði; jÞ
Fig. 2. Relationships of temporal and inter-view correlations.

ði;jÞ2X

ð10Þ

F. Shao et al. / J. Vis. Commun. Image R. 21 (2010) 392–403

395

Fig. 3. FVV reference model.

4.2. The proposed fast color correction method for multi-view video

Fig. 4. Flowchart of the proposed method.

where X denotes the disparity search range. However, the disparity
vectors estimated with the above formula may not be the true disparity due to occlusion, mismatching or other factors. An inverse
matching operation from reference view to current view is performed to validate the matching. If the disparity deviation between
ds+1?s and ds?s+1 is less than 2, that is, | ds+1?s+ds?s+1 | < 2, then the
blocks are matched.
Then, all matching pixels in current and reference views are deﬁned in vector forms as Ys+1, Us+1, Vs+1, Ys, Us, Vs. Let W = [Ys+1, Us+1,
Vs+1, 1] and U = [Ys, Us, Vs], the relationships between the vectors
of matching points can be expressed as

U ¼ WC þ e

ð11Þ

where e is error vector, and C is a 4  3 matrix. By minimizing the
energy of the error vector e in a least square sense [20], the correction matrix C can be computed by

C ¼ ðWT WÞ1 WT U

ð12Þ

In order to have a similar form with the color discrepancy model in Eq. (5), the matrix C is divided into a 3  3 matrix M and a
3  1 matrix T. Supposing H = [Y, U, V]T for each pixel (x, y), using
the matrices M and T, the color discrepancy model is described as

^ s ¼ MHsþ1 þ T þ e
H

ð13Þ

^ s and Hs+1 are the corresponding color vectors of view s and
where H
view s + 1, respectively.

By performing the above method for multi-view images frame
by frame, it can be easily extended to video. However, for low complexity applications, such as wireless multi-view video system
[21], it is not practical to carry out the same process for every
frame since performing disparity estimation and linear regression
would be computationally expensive. In our previous work [15],
once the color mapping relationship established at one time, the
mapping will be directly applied frame by frame, which may lead
to a perceptible ﬂicker. The primary case of ﬂicker comes from
scene change. Supposed at time n, object c is mapped to c0 as shown
in Fig. 5(a). At time (n + m), another object appears with varying
illumination, and it is mapped to c00 , as shown in Fig. 5(b). If consistent mapping function is performed at time n and (n + m), ﬂicker
may occur.
In order to show the inﬂuence of ﬂicker, we compare the correction coefﬁcients aY1, aY2, aY3 and aY4, as shown in Fig. 6, which are
obtained by performing disparity estimation and linear regression
frame by frame. It is obvious that only minor changes occur for the
coefﬁcients aY1, aY2 and aY3, while for the coefﬁcient aY4, the
changes are drastic. In other words, even though those coefﬁcients
can lead to a good ﬁtting between different views at a particular
time, it can also result in discontinuous variations between adjacent time instants, which may deteriorate the temporal correlations. Therefore, it is necessary to model the temporal variations
to reﬂect the actual variation trends of the coefﬁcients. In the existing techniques, Bayesian model [22] or Kalman ﬁltering [23] can be
used to predict the temporal variations. However, for both Bayesian and Kalman ﬁltering models, it is difﬁcult and time-consuming
to obtain accurate model coefﬁcients. Here, we propose a method
with temporal information to fast obtain the correction matrices.
The proposed method mainly consists of two steps, time-invariant
detection and temporal variation modeling.

4.2.1. A. Time-invariant detection
The objective of time-invariant detection is to extract the background regions that are unchanged over time. For single-view video, illumination change is the main reason for discontinuous
color variations among frames. However, the illumination in foreground motion regions is instable. First, motion objects may vary
with time, which make it hard to measure the illumination intensity for these regions. Second, even for the same objects, the reﬂected intensity may also be inconsistent when the reﬂective
surface is changed. In order to extract stable temporal variation

Fig. 5. Relationships of object mapping.
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Fig. 6. Correction coefﬁcients for Y component.

information in video, we use background as a uniform reference
surface between two consecutive frames.
Here, we propose an algorithm that incorporate both motion
and edge information to identify the background. First of all, an initial motion detection mask (MDM) at time t, denoted as MDMit, between two consecutive frames, is computed by a thresholding
operation. The decision rule for obtaining MDMit can be expressed
as

MDMit ðx; yÞ ¼



not changed if Dt ðx; yÞ 6 brN
changed

otherwise

Dt ðx; yÞ ¼ jYðx; y; t þ 1Þ  ltþ1  ðYðx; y; tÞ  lt Þj

r2N ¼

1 X
ðYðx; y; t þ 1Þ  ltþ1  ðYðx; y; tÞ  lt Þ2
M ðx;yÞ

ð14Þ

ð15Þ

ð16Þ

where Y(x, y, t) and Y(x, y, t + 1) are Y components of pixels at the tth
and (t + 1)th frames at position (x, y), and lt and lt+1 are the average
luminance of the frames t and t + 1, respectively. b is a weigh factor
which is set to 2 empirically. M is the number of pixels in a frame.
Figs. 7–9(a) show an example of MDMi for ‘Flamenco1’, ‘Objects2’,
and ‘Race1’ sequences, respectively.

However, only taking illumination into account for change detection suffers from the problem that unchanged pixels are easily mistaken as changed ones. To overcome the problem and be more
robust under varying illumination, moving object edge is incorporated to identify the regions with motion. We deﬁne the edge detection mask (EDMt) as a set of all edge points detected by the SUSAN
operation in current frame. Figs. 7–9(b) show the EDMt for ‘Flamenco1’, ‘Objects2’, and ‘Race1’ sequences, respectively.
Then, by combining the above two masks, those unchanged pixels are excluded, and the ﬁnal MDM (MDMft) for current frame is
expressed as

MDMft ðx; yÞ ¼ MDMit ðx; yÞ \ EDMt ðx; yÞ

ð17Þ

Note that these unchanged pixels are basically removed after
incorporating the extracted edges, as shown in Figs. 7–9(c). Finally,
in order to separate the foreground and background, horizontal
and vertical scanning with 8  8 block over MDMft is ﬁrst performed. If the block is located in the middlepart of two edge blocks
in horizontal and vertical scan line simultaneously, it is regarded as
the foreground. Otherwise, it is regarded as the background. Finally, the regions are connected by simple connection templates. By
applying the connected MDM (MDMct) in Figs. 7–9(d) on color video, the foreground regions are detected, as shown in Figs. 7–9(e).

Fig. 7. Example of the algorithm for detecting foreground regions of ‘Flamenco1’.

Fig. 8. Example of the algorithm for detecting foreground regions of ‘Objects2’.
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Fig. 9. Example of the algorithm for detecting foreground regions of ‘Race1’.

4.2.2. B. Fast color correction with temporal variation model
For single camera, color distributions in background regions of
adjacent frames are assumed to Gaussians, pðc; tÞ  Nðl1 ; r1 Þ and
pðc; t þ 1Þ  Nðl2 ; r2 Þ, where c is the color value, p(c, t) is the probability density function, and u and r are the mean and standard
deviation, respectively. In order to response the above distributions, the acquired intensity value for Y component between adjacent frames is modeled as

Y ts ðx0 ; y0 Þ ¼ a  Y tþ1
s ðx; yÞ þ b

ð18Þ

where a is a scaling factor and b is an offset factor. By transferring
the parameters of Gaussian models from the tth frame to the
(t + 1)th frame, the coefﬁcients a and b are derived by

a¼

qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
t
rtþ1
s =rs ;

sponding standard deviations. Considering YUV components of
view s and view s + 1, the temporal variation models can be further
expressed as

^ t ¼ Zs Htþ1 þ Hs þ e
H
s
s

ð20Þ

^ t ¼ Zsþ1 Htþ1 þ Hsþ1 þ e
H
sþ1
sþ1

ð21Þ

where Zs, Zs+1 and Hs, Hs+1 are the matrices in temporal variation
model for view s and view s + 1, respectively.
Supposing that the color discrepancy model at time t has been
known, and it is described as

^ t ¼ Mt Ht þ Tt þ e
H
s
sþ1
t

b ¼ ltþ1
 a  lts
s

ð19Þ

where lts and ltþ1
are the means in Gaussian models of the view s at
s
the tth and (t + 1)th frames, respectively. rst and rst+1 are the corre-

ð22Þ

t

where M and T are the correction matrices at time t, respectively.
Then, based on the spatio-temporal relationship in Eq. (7), the color
discrepancy model at time t + 1 can be described as

^ tþ1 ¼ Z1 Mt Zsþ1 Htþ1 þ Z1 ðMt Hsþ1 þ Tt  Hs Þ þ e
H
s
s
sþ1
s

Fig. 10. Distance comparison between adjacent correction matrices.

Fig. 11. Eight original viewpoint images of ‘Flamenco1’, ‘Objects2’ and ‘Race1’.

ð23Þ
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22, 27, 32, 37 are used, the temporal GOP size is 15, and the total
number of encoded frames in each view is 600.
Fig. 12 shows statistic results of the correlation coefﬁcients of
‘Flamenco1’, ‘Objects2’ and ‘Race1’ in the view 1 and view 2, respectively. It is evident that there are strong correlations between adjacent time instants since most of the correlation coefﬁcients are
larger than 0.9, and for ‘Race1’, the coefﬁcients are relatively low
for some frames because of rapid scene changes. Therefore, it is
necessary to model the temporal variations for multi-view video
by exploiting the high correlations.
5.1. Computational complexity comparison
In order to objectively measure performances of the proposed
method in computational complexity and correction accuracy, four
color correction schemes are discussed

Fig. 12. Statistic results of correlation coefﬁcients.

t
tþ1
t
t
Supposing Mtþ1 ¼ Z1
¼ Z1
s M Zsþ1 and T
s ðM Hsþ1 þ T  Hs Þ, Eq.
(23) is simpliﬁed as follows:

^ tþ1 ¼ Mtþ1 Htþ1 þ Ttþ1 þ e
H
s
sþ1

ð24Þ

^ tþ1 and Htþ1 are the corresponding color vectors of view s
where H
sþ1
s
and view s + 1 at time t + 1, respectively. Thus, the color discrepancy
model at time t + 1 is derived, and Mt+1 and Tt+1 are the corresponding correction matrices at time t + 1.
It is noteworthy that the proposed method has at least two
important advantages. Firstly, by utilizing the temporal variation
model, computational complexity of color correction is signiﬁcantly reduced. Secondly, since the correction matrices are derived
from previous frames, discontinuous variations between adjacent
frames can be avoided. In order to describe the discontinuous variations, we calculate the distances of M matrices (DMMs) and distances of T matrices (DTMs) between two adjacent time instants.
The distances are computing by adding the total errors for each
element in the matrix. As shown in Fig. 10, it is obvious that both
DMMs and DTMs with the proposed method are signiﬁcantly lower
than the frame-by-frame method, and the DMMs are almost no
change, which guarantees smooth variations between subsequent
frames.

Scheme 1: Traditional color correction method which is
formed frame by frame
Scheme 2: The proposed color correction method in which
frames are put in every 10 frames
Scheme 3: The proposed color correction method in which
frames are put in every 15 frames
Scheme 4: The proposed color correction method in which
frames are put in every 30 frames

perkeykeykey-

Table 1 shows experimental results of computational time in
which TS indicates the average time saving and it is deﬁned by

TS ¼

T Scheme1  T Proposed
 100 ð%Þ
T Scheme1

ð25Þ

where TScheme1 and TProposed are the total computational time for
Scheme 1 and the proposed scheme, respectively. The maximum
disparity search ranges in the experiments are 40 and 5 at horizontal
and vertical directions, respectively. Table 1 shows the speedup per-

5. Experimental results and analyses
In experiments, multi-view video sequences ‘Flamenco1’, ‘Objects2’ and ‘Race1’ are used as the test sequences [24]. The size of
the sequences is 320  240, and the images are taken by a horizontal parallel camera conﬁguration with eight viewpoints. Fig. 11
shows eight original views of ‘Flamenco1’, ‘Objects2’, and ‘Race1’.
Clearly, the color consistency among these eight views of the sequences is poor. In this case, the ﬁrst, ﬁfth and sixth views are chosen as the reference, and the other views are corrected by
referencing the nearest view. To conﬁrm the performance of the
proposed method, we implemented our coding experiments in
JMVM7.0 [25]. The test condition is set as follows: four basis QPs

Fig. 13. The relationship between keyframe interval and saved time.

Table 1
Speedup performance comparisons of ‘Flamenco1’, ‘Objects2’ and ‘Race1’.

Flamenco1
Objects2
Race1

TScheme1 (s)

TScheme2 (s)

TS (%)

TScheme3 (s)

TS (%)

TScheme4 (s)

TS (%)

1396.875
1372.515
1355.828

222.421
205.203
189.593

84.08
85.05
86.02

137.250
137.671
138.593

90.17
89.97
89.78

89.781
90.546
87.328

93.57
93.40
93.56
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Fig. 14. WMSE comparison results.

formance of the proposed scheme with different keyframes intervals. It is obvious that the proposed scheme can signiﬁcantly reduces
the computational complexity, ranging from 84.08% to 93.57%, when
the keyframes interval is ranging from 10 to 30. Fig. 13 shows the
relationship between keyframes interval and saved time. From the
ﬁgure, it is noted that more computational time can be saved with
the proposed method, and the saved time increases with increasing
keyframes interval length, while the accuracy of color correction will
be also decreased with the increasing keyframes interval length.
Therefore, an optimal keyframe interval will exist for the best tradeoff between accurate correction and fast execution.

5.2. Objective and subjective correction performance comparison
In order to objectively evaluate performance of the proposed
method, the structural similarity index (SSIM) metric [26] is used
to measure the similarity. We calculate the following weighted
mean square errors (WMSE) and weighted SSIM (WSSIM) between
the corrected images with frame-by-frame method and the proposed method. WMSE or WSSIM is calculated based on the
weighted average on three components

WMSE ¼ w1 MSEY þ w2 MSEU þ w3 MSEV

Fig. 15. WSSIM comparison results.

Fig. 16. Mean and standard deviation comparisons of ‘Flamenco1’.

ð26Þ
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Fig. 17. Mean and standard deviation comparisons of ‘Objects2’.

Fig. 18. Mean and standard deviation comparisons of ‘Race1’.

Fig. 19. Color correction results of ‘Flamenco1’. (a) Reference image (view 1, frame #559); (b) current image (view 2, frame #559); (c) the corrected image with HM method in
[13]; (d) the corrected image with the proposed scheme.

Fig. 20. Color correction results of ‘Objects2’. (a) Reference image (view 1, frame #559); (b) current image (view 2, frame #559); (c) the corrected image with HM method in
[13]; (d) the corrected image with the proposed scheme.

F. Shao et al. / J. Vis. Commun. Image R. 21 (2010) 392–403

WSSIM ¼ w1 SSIMY þ w2 SSIMU þ w3 SSIMV

ð27Þ

where w1, w2 and w3 are weighted parameters, w1 = 0.8, w2 = 0.1,
w3 = 0.1 for Y, U and V components, respectively. Here,
0 6 WSSIM 6 1, where WSSIM = 1 if two images are the same. As
shown in Figs. 14 and 15, for different keyframe interval, WMSE values are relatively low, and WSSIM values are close to 1, which implies that the differences between the frame-by-frame method and
the proposed method are not obvious. In other words, the proposed
method can still achieve good correction results even with larger
keyframe interval.
Figs. 16–18 show the mean and standard deviation comparisons
of Y channel for ‘Flamenco1’, ‘Objects2’ and ‘Race1’, respectively.
Here, the keyframe interval is 15. As can be seen from the results,
the means and standard deviations of the corrected images with
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the proposed method are basically ﬁtted to those of the frameby-frame method. However, for the frame-by-frame method, it is
applied independently to each frame, which may lead to discontinuous variations between frames. While for the proposed method,
smooth variations between subsequent frames can be obtained
by using temporal variation models, which can reﬂect the actual
variation trends of the original view.
Figs. 19–21(a) and (b) show the reference image and original
image in the view 1 and view 2 at time 559 of ‘Flamenco1’, ‘Objects2’ and ‘Race1’. Clearly, the color consistency among the views
is poor. Thus, the color correction is necessary if the multi-view
images will be used to render new virtual arbitrary view. Figs.
19–21(c) show the corrected images with histogram matching
(HM) method presented in [13] and Figs. 19–21(d) show the corrected images with the proposed method. Although the computa-

Fig. 21. Color correction results of ‘Race1’. (a) Reference image (view 1, frame #559); (b) current image (view 2, frame #559); (c) the corrected image with HM method in
[13]; (d) the corrected image with the proposed scheme.

Fig. 22. Enlarged part signiﬁed in Fig. 19. (a) Reference image; (b) current image; (c) the corrected image with HM method; (d) the corrected image with the proposed
scheme.

Fig. 23. Enlarged part signiﬁed in Fig. 20. (a) reference image; (b) current image; (c) the corrected image with HM method; (d) the corrected image with the proposed scheme.
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tional complexity of the HM method is low, content variation between the current image and the reference image will inevitable
to cause problem in the histogram related algorithm. We enlarge
the part signiﬁed in Figs. 19 and 20, and show the detail examples
in Figs. 22 and 23. It can be seen more clearly that compared to HM
method, the proposed method can not only correct the color of current image to that of reference one, but also preserve the structural
and contrast information of original image much better. This is be-

cause the proposed method attempts to model the relationship between two data sets that preserve the contrast and structure to be
corrected.
5.3. Coding performance comparison
Then, we compare our method with (1) compressing the original video; (2) the illumination compensation (IC) method adopted

Fig. 24. Coding performance comparisons of ‘Flamenco1’.

Fig. 25. Coding performance comparisons of ‘Objects2’.

Fig. 26. Coding performance comparisons of ‘Race1’.

F. Shao et al. / J. Vis. Commun. Image R. 21 (2010) 392–403

in JMVM; (3) the frame-by-frame method. Figs. 24–26 show the
rate-distortion performance comparisons of ‘Flamenco1’, ‘Objects2’
and ‘Race1’ for all eight views, respectively. The vertical axis in
each sub-ﬁgure is the PSNR of luma or chroma channel, while
the horizontal axis corresponds to the sum of the bitrates used
for encoding. The Y component carries the luma channel information, and the chroma PSNR is the average PSNR of the U and V components. As can be seen from the results, the proposed method
results in larger PSNR gains compared to compressing the original
data with or without IC, especially in chroma channel. Besides, the
coding performances of the proposed method are higher than the
frame-by-frame method at high bitrate side. The reason lies in that
the frame-by-frame method can result in discontinuous variations
between adjacent time instants, while the proposed method can
eliminate those discontinuous variations by modeling the temporal variations, which increases the temporal correlations in MVC.
6. Conclusions
Color correction is an important issue for multi-view video coding and virtual view synthesis in three-dimensional television and
free viewpoint video applications. In this paper, a fast color correction method for multi-view video is proposed by modeling spatiotemporal variation. Experimental results show that the proposed
method can achieve better performance in computational complexity, correction accuracy and coding efﬁciency. In the proposed
method, in order to evaluate the correction performance, the corrected images with frame-by-frame method are assumed as reference. In fact, the reference itself is not right. Therefore, how to
objectively evaluate the performance of the proposed method is
an important problem to be settled. Currently, the proposed method corrects the color information based on a set of ﬁxed keyframes,
leaving no adaptability to video content. In future work, we will research on intelligent algorithms that automatically understand the
video content to ﬁnd keyframes.
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