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Intrinsic Image Decomposition Using
Optimization and User Scribbles
Jianbing Shen, Member, IEEE, Xiaoshan Yang, Xuelong Li, Fellow, IEEE, and Yunde Jia

Abstract—In this paper, we present a novel high-quality intrinsic image recovery approach using optimization and user
scribbles. Our approach is based on the assumption of color characteristics in a local window in natural images. Our method adopts
a premise that neighboring pixels in a local window having similar
intensity values should have similar reﬂectance values. Thus, the
intrinsic image decomposition is formulated by minimizing an
energy function with the addition of a weighting constraint to the
local image properties. In order to improve the intrinsic image
decomposition results, we further specify local constraint cues by
integrating the user strokes in our energy formulation, including
constant-reﬂectance, constant-illumination, and ﬁxed-illumination
brushes. Our experimental results demonstrate that the proposed
approach achieves a better recovery result of intrinsic reﬂectance
and illumination components than the previous approaches.
Index Terms—Energy optimization, illumination, intrinsic
images, reﬂectance, user scribbles.

I. I NTRODUCTION

I

NTRINSIC IMAGES are usually referred to the separation
of illumination (shading) and reﬂectance components from
an input photograph. It was originally proposed by Barrow and
Tenenbaum [2] for presenting the scene properties, including
the illumination of the scene and the reﬂectance of the surfaces
of the scene. Intrinsic images can be recovered either from a
single image [25], [40] or from image sequences [14], [18].
We focus on the particular case of separating a single image
into illumination and reﬂectance components in this paper. It
is well known that automatic intrinsic image algorithms are
error prone due to the fundamental ill posedness of the intrinsic
image recovery problem. As will be reviewed in the related
work section, the unsuitable assumptions and restrictions in
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intrinsic image algorithms make them insufﬁcient to produce
high-quality illumination and reﬂectance components.
Color is usually employed as a key cue for identifying
shading gradients, such as the approaches in [6] and [25].
Tappen et al. [25] proposed an algorithm for recovering intrinsic images from a single photograph. Their approach was based
on a trained classiﬁer, which classiﬁed the image derivatives
as being caused by either illumination or reﬂectance changes.
Then, the illumination and reﬂectance images were calculated
according to the classiﬁed derivatives. By using pieces of paper
colored with a marker as training images, Tappen et al. [26]
created a set of ground-truth intrinsic images where they used
color to measure shading separately from reﬂectance. Their
approach then learned a weighting function using the nonlinear
regression and estimated the intrinsic shading and reﬂectance
images. Recently, Shen et al. [34] assumed that similar textures
correspond to similar reﬂectance and improved the retinexbased algorithm for intrinsic image decomposition. More recently, Bousseau et al. [38] presented an approach for obtaining
the intrinsic images with user interaction from a single image.
Their approach calculated the illumination component and reﬂectance component by introducing a propagation energy.
It is still an open challenge on how to recover the high-quality
intrinsic images when only a single photograph is available.
Due to its inherent ill posedness, the automatic decomposition
of intrinsic images on a single image cannot be solved correctly
without additional prior knowledge on reﬂectance or illumination. In order to resolve its ambiguities, Bousseau et al. [38]
presented a user-assisted approach for calculating the intrinsic
images from a single image. Their approach required some user
interactions to indicate the regions of constant reﬂectance or
illumination and achieved intrinsic image decomposition by
a propagation energy function. However, their approach was
based on the assumption of reﬂectance variations lying locally
in a plane in color space, and their method would introduce the
incorrect decompositions when it handled the cases such as a
black-and-white checkerboard texture.
In the context of the previous work on intrinsic image recovery, we can see that our paper makes the following research
contributions.
1) We present a novel automatic intrinsic image recovery
algorithm using optimization, which focuses on the local
continuity assumption in reﬂectance values to deﬁne the
new energy function.
2) A new weight function within patch properties in a local
window is proposed for making the pixels which have
large different shading values share the similar reﬂectance
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values. Our new weight function can help to improve the
accuracy of the recovered intrinsic images.
3) An efﬁcient intrinsic image decomposition approach is
proposed by adding three types of user scribbles to the
energy function, which improves the performance of the
results by the automatic algorithm.
The remainder of this paper is organized as follows. In
Section II, we ﬁrst present an overview of previous intrinsic
image recovery approaches. Next, we describe our algorithm
including the energy optimization issues and implementation
details in Section III. Then, in Section IV, we perform a variety
of experimental comparisons on natural images to validate the
efﬁciency of the proposed method. Finally, the conclusions and
discussions are shown in Section V.

II. R ELATED W ORK
The intrinsic image recovery aims at decomposing an image
into illumination and reﬂectance components. Various intrinsic
image decomposition methods have been proposed in recent
years. Several heuristic cues are exploited to estimate the intrinsic components with extra constraints or user intervention. We
describe these approaches in detail in this section and further
address the main advantages and disadvantages which led us to
develop our novel method in this paper.
The problem of decomposing a single image into intrinsic
images remains very difﬁcult [1], [2], [10], [17], [20], [24],
[25], [38], [40]. Since it is an ill-posed problem, various kinds
of models and assumptions are proposed to obtain intrinsic
images by utilizing additional information in the computer
vision and image processing literatures. It has been proven
to be a great success to estimate intrinsic images from image
sequences [14], [18], [19]. Weiss [14] focused on the intrinsic
image decomposition using an image sequence where the reﬂectance is constant and the illumination changes. Weiss treated
the intrinsic image decomposition as a maximum-likelihood
estimation problem and used natural image statistics to estimate
a single reﬂectance image and multiple illumination images by
a prior. Matsushita et al. [18] derived a time-dependent intrinsic
image decomposition method by incorporating an illumination
eigenspace into Weiss’ framework. Thus, a priori information
was provided to derive the intrinsic images from a single video
frame by the generated eigenspace. Another important work
by Matsushita et al. [19] is the approach to estimate intrinsic
images with biased illumination from image sequences. They
explicitly modeled spatial and temporal constraints over the
image sequence and minimized a regularization function by
taking advantage of the biased image derivatives. Although
these approaches have demonstrated to produce high-quality
intrinsic image decomposition results, the required multiple
images have limited their general applications.
The decomposition approaches from a single image are more
favorable for general practicality. The previous representative
methods [15], [25], [26], [34], [38], [40] mainly focused on
analyzing local derivatives for determining image feature variations due to shading or reﬂectance, such as gradient variations
and texture cues. One of the earliest approaches to separate an

image into its reﬂectance and shading components is the retinex
algorithm [1]. Their approach assumed that large derivatives
were attributed to reﬂectance changes, while smaller derivatives
were due to shading changes in a scene. Then, the intrinsic
images were decomposed by integrating their respective derivatives across the input image. Based on the assumption that shading variations do not alter chromaticity, Funt et al. [6] further
extend the retinex approach to be applicable for color images by
associating reﬂectance derivatives to signiﬁcant chromaticity
changes. By integrating the previous retinex approaches [1],
[8], [9], Kimmel et al. [16] proposed a variational retinex
model for intrinsic image recovery. Their method formulated
the illumination estimation as a quadratic optimization, and
they exploited the spatial correlation in the reﬂectance and
shading components.
The retinex methods [1], [6], [16] are intuitively simple and
efﬁcient; however, the real scenes do not always hold the aforementioned assumption of scene conditions. Thus, another important class of intrinsic image recovery methods is proposed,
which is based on the local gradients. These approaches used
heuristic rules [7], [12], [17] or trained classiﬁers [15], [25],
[26], [29] to classify each image derivative or edge junction as
being caused by shading or a change in the surface’s reﬂectance.
Freeman and Viola [12] presented an approach by combining
the psychophysical and the Bayesian computational model. The
wavelet subband prior probabilities were assigned to different
reliefs for an image by their computational model, and the
intrinsic images were calculated for the most probable interpretation in a Bayesian framework. Finlayson et al. [21] derived
an illumination-invariant image by entropy minimization for
the task of shadow removal from a single color image without
resorting to any calibration. Their method also derived an
intrinsic image decomposition method based on assumptions of
the Lambertian reﬂectance and Planckian lighting. Tappen et al.
[25], [26] utilized color information and binary classiﬁers to
recognize the derivatives caused by reﬂectance or shading.
They used the generalized belief propagation algorithm to
disambiguate the areas of the image where the classiﬁcation
was not clear or incorrect with the local analysis. However, it
was difﬁcult to comprehensively deﬁne the trained classiﬁers,
which were suitable for all the possible range of shading and
reﬂectance conﬁgurations. Moreover, it was not always possible
to correctly classify the scene pixels as reﬂectance or shading
changes only by local appearance evidence.
Aside from the intrinsic image decomposition approaches
studied in the previous work, several image editing and video
processing tools employing the intrinsic images are developed
in recent years, such as video surveillance [19], shadow removal
[28], intrinsic colorization [32], image retexturing [38], and
image segmentation [37]. Liu et al. [32] presented an examplebased intrinsic colorization technique based on illumination
differences between grayscale target and color reference images. Their approach ﬁrst recovered the reﬂectance image of
the target scene from multiple color references obtained by
Web search, and then, they transferred color from the color
reﬂectance image to the grayscale reﬂectance image through
relighting with the illumination component of the target image.
Yacoob and Davis [37] ﬁrst derived three intrinsic images,
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including reﬂectance, smooth-surface shading, and mesostructure roughness shading images. Then, they proposed an image
segmentation approach based on the appearance of the
mesostructure roughness shading image.
Several other approaches on energy optimization have been
presented. User scribble-based approaches for image editing by
energy optimization are very prevalent, such as image colorization [22], image photomontage [23], interactive tone mapping
[27], and image edit propagation [35]. Agarwala et al. [23]
developed an interactive digital photomontage system that combined parts of a set of photographs into a composite image
by energy optimization and user scribbles. Levin et al. [22]
used scribbles to deﬁne constraints between adjacent pixels and
propagated them to the entire image colorization by solving
an optimization problem. Lischinski et al. [27] proposed an
optimization method to propagate local tonal adjustment, which
required the user to draw a set of sparse scribbles indicating
the desired changes in tone and color. Then, their method
automatically propagates these initial adjustments to the rest of
the image. An and Pellacini [35] presented an edit propagation
algorithm which enforced the scribble-based constraints over
all pairs of points in the image.
III. O UR A PPROACH
Assuming that the surfaces are the Lambertian objects and a
single light color in the previous work, we express the intrinsic
image decomposition process as
I = sR

(1)

where I represents the input image, s denotes the illumination
component, and R is the reﬂectance component. The task of
intrinsic image decomposition is to solve the two unknowns
s and R on the right-hand side of (1). For each pixel i ∈ I,
we denote it as Ii = (Iir , Iig , Iib ), Ri = (Rir , Rig , Rib ), and
Ii = si Ri . It is obvious that the aforementioned equation is
ill posed with two unknowns and one known, and our goal
is to recover s and R from I. Based on our observation of
local color characteristics in natural images, we design a new
decomposition approach using optimization and some user
brush constraints.
Our approach is based on the assumption of local color
characteristics in natural images: In a local window of an image,
the changes of pixel values are usually caused by the changes of
the reﬂectance, i.e., the pixels with the similar intensity values
share the similar reﬂectance values [41]. Our aforementioned
assumption is inspired by both the property of a change in color
between pixels often indicating a reﬂectance change [3] and the
behavioral evidence that humans usually distinguish variation
in shading from variation in reﬂectance [31], [33]. Thus, the reﬂectance value of one pixel can be represented by the weighted
summation of its neighborhood pixel values as follows:

2
2
(2)
ωij Rj , ωij = e−(Yi −Yj ) /(2σi )
Ri =
j∈N (i)

where ωij measures the similarity of the reﬂectance value
between pixel i and pixel j. ωij is determined by the intensity

values of the Y channel in the input image. In our implementation, we convert the original image from RGB color space into
Y U V color space to get the Y channel. Yi and Yj represent the
intensity values of pixel i and pixel j, respectively. σi denotes
the variance of the intensities in a local window (e.g., 5 × 5
pixels) around i. In image segmentation [11], [13], [30], [39]
and image colorization algorithm [22], similar weight functions
are used extensively and referred to as afﬁnity functions.
A. Energy Based on Local Windows
In order to make the pixels that have large different shading
values share the similar reﬂectance values, we reconsider the
assumption that the changes of shading values will lead to
the proportional changes of its R, G, B color channel values.
Therefore, we improve the aforementioned weight function (2)
as follows:
ωij = e−[Ii ,Ij >
˜ ˜

2

2
2
/σiT
+(Yi −Yj )2 /σiY
]

I˜i , I˜j  = arccos(I˜i ∗ I˜j )
= arccos(I˜ir I˜jr + I˜ig I˜jg + I˜ib I˜jb )

(3)

where I˜i , I˜j  denotes the angle between the vector I˜i and I˜j .
Similar to [25], we normalize the RGB triplet Ii and Ij as a
vector to obtain I˜i and I˜j . σiT represents the variance of the
angle between pixel i and the pixels in a local window around
i, and σiY denotes the variance of the intensities of the pixels
in a local window around i.
Fig. 1 gives the error comparisons of the intrinsic image
using different weight functions. We use the image patches in
a local window to calculate the error between the recovered
intrinsic images and the ground-truth intrinsic images from the
MIT data set [36]. It is obvious that the error by our new weight
function (3) is smaller than the error by the rude weight function
(2). Based on the previous analysis, we now can deﬁne a new
energy function to obtain the intrinsic images from a single
input photograph
⎛
⎞2



⎝Ri −
wij Rj ⎠ +
(Ii s˜i − Ri )2
E(R, s̃) =
i∈P

j∈N (i)

i∈P

(4)
where N (i) represents the local neighborhood window (e.g.,
5 × 5 pixels) of pixel i, the ﬁrst energy term denotes the
constraint for R in a local window, and the second energy term
constrains R and s in (1); here, s̃ = 1/s. We then optimize the
above equation to obtain the intrinsic images
arg min E(R, s̃)
R,s̃

∀i ∈ P,

0 ≤ Rir ≤ 1, 0 ≤ Rig ≤ 1, 0 ≤ Rib ≤ 1.

(5)

B. Energy Based on User Scribbles
Previous automatic approaches [16], [25], [26] usually work
well for the images of the simple scenes to obtain the desired
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Fig. 1. Error comparisons of intrinsic image recovery using the rude weight function (2) and our new weight function (3). Compared with the ground-truth data,
the recovered intrinsic images by our new weight function are more accurate.

intrinsic images. Unfortunately, such class of automatic approaches is not appropriate when an image contains complicated illumination and reﬂectance information. We propose to
specify local constraint cues by integrating the user scribbles in
our energy formulation.

Unlike Tappen’s method [25], they classiﬁed each derivative
as being caused by either an illumination change or a reﬂectance change. We employ the user scribbles to indicate each
intensity change as being caused by either a shading change or a
reﬂectance change. Thus, we adopt three types of user scribbles
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Fig. 2. Illustration of our optimization approach. Note that (b) and (c) are the results by our automatic approach (5), while (g) and (h) are the results by our full
approach with user scribbles (7). (a) Input. (b) Reﬂectance (auto). (c) Illumination (auto). (d) User scribbles. (e) Reﬂectance by the approach of Bousseau et al.
[38]. (f) Illumination by the approach of Bousseau et al. [38]. (g) Reﬂectance (ours). (h) Illumination (ours).

as Bousseau et al. [38] did, including constant-reﬂectance
brush, constant-illumination brush, and ﬁxed-illumination
brush
   
E R (R) =
z BiR
(Ri − Rk )2
i∈P

E s (s̃) =



k∈BiR

z (Bis )

i∈P

E f ix (s̃) =





(s˜i − s˜k )2

k∈Bis

(s˜i − s̃f ix )2 .

i∈Bif ix

The constant-reﬂectance brush or the constant-illumination
brush constrains the pixels which share the same reﬂectance or
illumination, respectively. While the ﬁxed-illumination brush
speciﬁes the absolute illumination values by the user constraints. Now, we can deﬁne the new energy optimization
function by adding the user scribbles as follows:
EC (R, s̃) = E(R, s̃) + λR E R (R) + λs E s (s̃) + λf ix E f ix (s̃)
(6)
where λR , λs , and λf ix measure the importance to our image
decomposition model with the user’s constant-reﬂectance cue,
constant-illumination cue, and ﬁxed-illumination cue, respectively. We set λR = λs = λf ix = 1.0 to give equal importance
of the scribbles to the energy optimization function, and the
satisfying results are produced with these default parameter
settings in our implementation.

Thus, we recover the intrinsic images by optimizing the
following energy equation:
arg min EC (R, s̃)
R,s̃

∀i ∈ P,

0 ≤ Rir ≤ 1, 0 ≤ Rig ≤ 1, 0 ≤ Rib ≤ 1, s̃ ≥ 1.

(7)

In summary, the energy (5) and (7) can be viewed as a
quadratic equation, which is based on the variables Rir , Rig ,
Rib , and s̃i . Then, we compute the ﬁrst derivatives with these
equations and make them equal to zero. Finally, we use the
Gaussian–Seidel method iteratively to optimize these equations
and get the optimal solutions in our implementation. For more
implementation details, please see the Appendix. Since our
energy function is quadratic and this optimization problem can
be solved using a number of standard methods, we adopt the
Gaussian–Seidel method [4] to solve our energy optimization
for its simplicity, and we believe that a multigrid solver [5] will
improve the computational efﬁciency of our energy optimization.
Fig. 2 gives an illustration example of the intrinsic image
recovery by our optimization approach. The results as shown
in Fig. 2(b) and (c) are obtained by optimizing (5), which is
an automatic process. We then improve the performance by
adding the user scribbles through optimizing (7), which are
shown in Fig. 2(g) and (h). In particular, the image example
shown in Fig. 2 consists of a black-and-white region of clothing
texture, which belongs to the cases that cannot be handled by
the previous user-assisted approach of Bousseau et al. [38].
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Compared with the results by the approach of Bousseau et al.
[38] [see Fig. 2(e) and (f)], our optimization approach produces
better results and exhibits natural edges and structures.
Now, we will discuss how to solve the multiplicative ambiguity between shading and reﬂectance in both our automatic
method and user scribble-based approach. In order to obtain
the high-quality intrinsic images, it is important to reduce the
multiplicative ambiguity and recognize the color information
caused by the reﬂectance or shading changes. Tappen et al. [25]
used the derivatives and learning method to classify the scene
pixels as the reﬂectance or shading changes in [25] and [26].
In our automatic approach, we use the color angle I˜i , I˜j  in a
local window (e.g., 5 × 5 pixels) to reduce the multiplicative
ambiguity between shading and reﬂectance information. In
order to further eliminate such multiplicative ambiguity, we
employ the user scribbles to indicate the scene pixels as reﬂectance or shading changes. For instance, we use the constantreﬂectance brush to constrain the pixels that share the same
reﬂectance, which eliminates the ambiguity and recognizes the
color information caused by the shading changes.
IV. E XPERIMENTAL R ESULT
In our experiments, most of the input photographs are taken
from the previous work in [25] and [38] for comparison. The
ground-truth images of the MIT data set are taken from the Web
sites.1 For the experimental results by the user-assisted intrinsic
image recovery method [38], we directly use the original pseudocode implementation2 provided by the respective authors in
our comparison.
In order to demonstrate the effectiveness of the proposed
approach, we ﬁrst compare our method with the approach in
[25] and [38]. As shown in Fig. 3, our algorithm achieves
better reﬂectance and illumination decomposition results, such
as the clear edges and texture information of the baby’s red
sweater. The main limitation of Tappen’s algorithm [25] is
that a binary labeling strategy cannot handle areas where both
the reﬂectance and illumination variations occur, so the result
by their approach exhibits some visual artifacts in the highly
textured areas and under the mixed lighting conditions.
We next show a more challenging comparison example of
a synthetic image for intrinsic image recovery in Fig. 4. The
result by Bousseau’s approach [38] interprets the black pixels
of the eyes as shadow [see Fig. 4(b)], which is incorrect for the
illumination image. In contrast, our approach is more consistent
with the ground-truth data, particularly interpreting both the
black pixels of the eyes and the pink pixels of the nose as
reﬂectance [see Fig. 4(c)].
As pointed out by Bousseau et al. [38], the results by their
approach can be sensitive to the quality of input images when
dealing with JPEG compression images. Fig. 5 compares the
intrinsic images recovered by Bousseau et al. [38] with the
results by our automatic approach. Clearly, the JPEG artifacts
and noise by Bousseau et al.’s approach become visible [see top
row of Fig. 5(c)]. In contrast, our automatic approach obtains
1 http://people.csail.mit.edu/rgrosse/intrinsic/.
2 http://artis.imag.fr/Publications/2009/BPD09.

Fig. 3. Comparison results with the automatic approach of Tappen et al. [25].
(a) Results by the approach of Tappen et al. [25]. (b) Our results. (c) Close-ups
of (a). (d) Close-ups of (b).

Fig. 4. Comparison results with the ground-truth data from a synthetic image
[38]. Compared with the user-assisted approach of Bousseau et al. [38], our
optimization method creates better results, particularly interpreting the black
pixels of the eyes as reﬂectance. First row: Reﬂectance. Second row: Shading.
Third row: Close-ups. (a) Input. (b) Bousseau’s method [38]. (c) Our method.
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Fig. 6. Illustration of our approach with the user scribbles. (a) Input.
(b) Reﬂectance (auto). (c) Shading (auto). (d) User scribbles. (e) Reﬂectance
(our full approach). (f) Shading (our full approach). (g) and (h) Enlargement of
(b), (c), (e), and (f). Note that the initial automatic intrinsic images are reﬁned
by adding the user scribbles, particularly the reﬂectance and illumination
images of the orange color pixels of the one-piece dress are more accurate.

Fig. 5. Comparison between the intrinsic image recovery method in [38]
and our automatic approach for dealing with the JPEG compression image. (a) Results by the approach of Bousseau et al. [38] (automatic).
(b) Results by our automatic approach. (c) Enlargement of (a) and (b).

better visual quality with less JPEG compression artifacts [see
Fig. 5(b)] and preserves more shadows and highlight components in both the reﬂectance and the illumination image [see
bottom row of Fig. 5(c)].
In order to ﬁx the global disambiguation between dark objects in light and bright objects in light, we allow the user to
improve the intrinsic image results by a few user scribbles.
Again, for the example shown in Fig. 6, our initial automatic
intrinsic images can be reﬁned by adding ﬁxed-illumination,
constant-reﬂectance, or constant-illumination scribbles. It is

clear that the orange color pixels of the one-piece dress are correctly separated into the reﬂectance image [see Fig. 6(e)]. The
shading pixels of the face skin are also correct after adding the
ﬁxed-illumination scribbles [see Fig. 6(f)]. This intrinsic image
decomposition with user scribbles is more accurate because the
different orange color regions of the one-piece dress do share a
similar shading or reﬂectance [see Fig. 6(e) and (f)].
Quantitative Comparison: In order to quantitatively compare the existing algorithms, several objective performance
measures of intrinsic image decomposition have been proposed
recently, such as mean square error (MSE) scores, local MSE
(LMSE) scores [36], and absolute LMSE (aLMSE) scores [40].
The MSE, LMSE, and aLMSE metrics are deﬁned as follows
[36], [40]:
ˆ = arg min IGT −aIˆ
MSE(IGT ,I)
a

w
ˆ
LMSE(IGT ,I) = arg min IGT
−aIˆw
w

ˆ=
aLMSE(IGT ,I)


w

a

w
ˆw w
arg min (IGT
−μw
GT )−a I −μI
a

where Iˆ is the estimated intrinsic image and IGT is the groundw
truth image in a local window w. μw
GT and μI are the mean
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TABLE I
MSE, LMSE, AND A LMSE M EASURE S TATISTICS W ITH [25] AND [38] U SING THE MIT DATA S ET [36]

Fig. 7. Quantitative evaluation: Plots of Table I. (a) MSE comparison. (b) LMSE comparison. (c) aLMSE comparison.
w
values for the ground-truth image IGT
and the estimated intrinw
sic image Iˆ in a local window w.
The LMSE measure associates incorrect classiﬁcation with
edge information and deﬁnes a meaningful error metric, while
the aLMSE measure is insensitive for variations in mean intensity through subtracting out the mean values of the two intrinsic
images. In order to quantitatively compare our algorithm with
other different methods, we compute three statistics, including MSE, LMSE, and aLMSE scores, respectively, which are
shown in Table I. Fig. 7 gives a more intuitive ﬁgure illustration
of Table I. As we would expect, our optimization approach performs better than both Tappen’s approach [25] and Bousseau’s
method [38] and achieves less error decomposition. Fig. 8 gives
the performance comparisons on the MIT data set [36]. The ﬁrst
column in Fig. 8(b) and (c) denotes the average performance.
While the second and third columns are the performance on the
reﬂectance and shading estimates, respectively. Note that the
value of MSE and aLMSE is referred to left y-axis, while the
value of LMSE is referred to the right y-axis.
Execution Time Comparison: Table II shows the execution
time between Bousseau et al.’s decomposition method [38] and
our intrinsic image optimization algorithm. It is worth noting

that our optimization approach takes slightly more computation
time than Bousseau et al.’s method while achieving better intrinsic image recovery quality with more accurate results. Note
that we utilize the Gaussian–Seidel algorithm for optimizing
the energy equation with 200 iterations.
V. C ONCLUSION
We have presented a novel energy optimization approach
for separating high-quality intrinsic images from a single input
photograph. Our approach is based on a premise that neighboring pixels in a local window having similar intensity values
should have similar reﬂectance values. Thus, the intrinsic image
decomposition is formulated by an energy function with the
addition of a novel weighting constraint to the local image
characteristics. We further improve the accuracy of the intrinsic
images by introducing the local constraints of user scribbles
in our energy function, such as constant-reﬂectance, constantillumination, and ﬁxed-illumination brushes. Our experimental
results demonstrate that our approach achieves a better recovery
of intrinsic reﬂectance and illumination components than the
previous approaches.
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Fig. 8. Performance comparisons on MIT data set with the approaches by Tappen et al. [25] and Bousseau et al. [38]. Note that we abbreviate Tappen et al.’s
[25] approach (TAP-05), and abbreviate Bousseau et al.’s [38] algorithm (BOU-09). (a) MIT data set [36]. (b) Comparing our automatic approach (5) with the
methods by Tappen et al. [25] and Bousseau et al. [38]. (c) Comparing our full approach (7) with the methods by Tappen et al. [25] and Bousseau et al. [38].
TABLE II
E XECUTION T IME C OMPARISON W ITH THE
M ETHOD BY B OUSSEAU et al. [38]

to implement our approach as a real-time application where
the users can beneﬁt from the useful scribbles for rapidly
previewing the ﬁnal results.
A PPENDIX
I MPLEMENTATION D ETAILS

Additionally, the main limitation of the proposed approach
lies in its high computational cost. Our current unoptimized
implementation takes approximately 42 s to process one
600 × 800 image on a laptop. Incorporating the graphic processing unit (GPU)-based technique into our intrinsic image
recovery framework may help to provide an interactive feedback for the users. To address this issue, we are planning

In this section, we describe our exact formulations with
more detailed explanations for completeness. We will derive
the optimization algorithm with (5) for the interested reader,
and we ﬁrst revisit (5) as follows:
arg min E(R, s̃), ∀i ∈ P, 0 ≤ Rir ≤ 1, 0 ≤ Rig ≤ 1, 0 ≤ Rib ≤ 1
R,s̃

E(R, s̃) =


i∈P

⎛
⎝R i −


j∈N (i)

⎞2
wij Rj ⎠ +


i∈P

(Ii s˜i − Ri )2 .
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The above energy optimization can be viewed as a quadratic
After the ﬁrst derivative with the above equation, we obtain
equation which is based on the variables Rir , Rig , Rib , and s̃i .
After the ﬁrst derivative with the above equation, we get
∀i ∈ B R :
⎞
⎛
⎞
⎛

∂E(R,
s̃)

∂E(R, s̃)
= 2 ⎝Rir −
wij Rjr ⎠ − 2(s˜i · Iir − Rir )
= 2 ⎝Rir −
wij Rjr ⎠ − 2(s˜i · Iir − Rir )
∂Rir
∂Rir
j∈N (i)
j∈N (i)
⎛
⎞
⎛
⎞




−2
wji ⎝Rjr −
wjk Rkr ⎠
(8)
wji ⎝Rjr −
wjk Rkr ⎠
−2
j∈N (i)

j∈N (i)

k∈N (j)

⎞
⎛

∂E(R, s̃)
= 2 ⎝Rig −
wij Rjg ⎠ − 2(s˜i · Iig − Rig )
∂Rig
j∈N (i)

−2
⎛

⎛



wji ⎝Rjg −

j∈N (i)

∂E(R, s̃)
= 2 ⎝Rib −
∂Rib

⎞
wjk Rkg ⎠

(9)



wji ⎝Rjb −

j∈N (i)



(10)

+

wji

j∈N (i)

2Rig −



k∈N (j)

wij Rjg −

j∈N (i)

+



wji

j∈N (i)

2Rib −



+

j∈N (i)



wji



⎞
⎛

∂E(R, s̃)
= 2 ⎝Rib −
wij Rjb ⎠ − 2(s˜i · Iib − Rib )
∂Rib
−2

⎛



wji ⎝Rjb −

j∈N (i)

+ 4λR z



BiR

 



wjk Rkb ⎠

(Rib − Rkb )

(18)

k∈BiR

∂E(R, s̃)
= 2Iir (s˜i · Iir − Rir ) + 2Iig (s˜i · Iig − Rig )
∂ s˜i
(19)

⎞
⎛

∂E(R, s̃)
= 2 ⎝Rir −
wij Rjr ⎠ − 2(s˜i · Iir − Rir )
∂Rir

(13)

−2

j∈N (i)

(14)

Then, we use the Gaussian–Seidel method iteratively to optimize the above equations and get the optimal solutions in our
implementation.
Similarly, we can optimize the energy function with user
strokes (7) as follows:
EC (R, s̄) = E(R, s̃) + [λR ER (R) + λs Es (s̄) + λf ix Ef ix (s̃)] .

⎛

wji ⎝Rjr −

j∈N (i)



⎞
wjk Rkr ⎠

(20)

k∈N (j)

j∈N (i)

k∈N (j)

(15)



⎞

∂E(R, s̃)
= 2 ⎝Rig −
wij Rjg ⎠ − 2(s˜i · Iig − Rig )
∂Rig
⎛

wji Rjb


 2
2
2
s˜i − Iir Rir − Iig Rig − Iib Rib = 0.
Iir + Iig
+ Iib

⎞

k∈N (j)

j∈N (i)

wjk Rkb − Iib s˜i = 0

(17)

+ 2Iib (s˜i · Iib − Rib )

wji Rjg

wjk Rkg

wij Rjb −




wjk Rkg ⎠

k∈N (j)

(12) ∀i ∈ B s :

j∈N (i)

k∈N (j)

j∈N (i)



wjk Rkr − Iir s˜i = 0

⎞

  
+ 4λR z BiR
(Rig − Rkg )

(11)

j∈N (i)



wji ⎝Rjg −



j∈N (i)

After
making
∂E(R, s̃)/∂Rir = ∂E(R, s̃)/∂Rig =
∂E(R, s̃)/∂Rib = ∂E(R, s̃)/∂ s˜i = 0, we obtain the following
equations:


2Rir −
wij Rjr −
wji Rjr


(16)

k∈BiR

k∈N (j)

+ 2Iib (s˜i · Iib − Rib ).

⎛


j∈N (i)

⎞

∂E(R, s̃)
= 2Iir (s˜i · Iir − Rir ) + 2Iig (s˜i · Iig − Rig )
∂ s˜i

j∈N (i)

j∈N (i)

−2

wjk Rkb ⎠

(Rir − Rkr )

⎞
⎛

∂E(R, s̃)
= 2 ⎝Rig −
wij Rjg ⎠ − 2(s˜i · Iig − Rig )
∂Rig

wij Rjb ⎠ − 2(s˜i · Iib − Rib )

⎛

k∈N (j)

k∈BiR

⎞

j∈N (i)

 
R

+ 4λR z Bi

k∈N (j)



−2





−2



⎛

wji ⎝Rjg −

j∈N (i)



⎞
wjk Rkg ⎠

(21)

k∈N (j)

⎞
⎛

∂E(R, s̃)
= 2 ⎝Rib −
wij Rjb ⎠ − 2(s˜i · Iib − Rib )
∂Rir
j∈N (i)

−2


j∈N (i)

⎛

wji ⎝Rjb −


k∈N (j)

⎞
wjk Rkb ⎠

(22)
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∂E(R, s̃)
= 2Iir (s˜i · Iir − Rir ) + 2Iig (s˜i · Iig − Rig )
∂ s˜i
+ 2Iib (s˜i · Iib − Rib )

+ 4λs z (Bis )
(s̃i − s̃k )
(23)
k∈Bis

∀i ∈ B

f ix

:

⎞

⎛


∂E(R, s̃)
= 2 ⎝Rir −
wij Rjr ⎠ − 2(s˜i · Iir − Rir )
∂Rir
j∈N (i)

−2
⎛

⎛



wji ⎝Rjr −

j∈N (i)

wjk Rkr ⎠


∂E(R, s̃)
= 2 ⎝Rig −
wij Rjg ⎠ − 2(s˜i · Iig − Rig )
∂Rig
j∈N (i)

⎛



−2

wji ⎝Rjg −

j∈N (i)

wjk Rkg ⎠

(25)

⎞
⎛

∂E(R, s̃)
= 2 ⎝Rib −
wij Rjb ⎠ − 2(s˜i · Iib − Rib )
∂Rir
j∈N (i)



−2

wji ⎝Rjb −

j∈N (i)

⎞



wjk Rkb ⎠

j∈N (i)



wji

j∈N (i)



2Rig −

wji



2Rib −



wji



2(1 + λR )Rir −

wij Rjr −

j∈N (i)



j∈N (i)

j∈N (i)

− 2λR z Bi

f ix

2Rir −

k∈BiR



:


2(1 + λR )Rig −

wij Rjg −

j∈N (i)



+



wji

j∈N (i)

2Rig −

2Rib −

j∈N (i)



(28)



2
Iir

wji Rjg

j∈N (i)

wij Rjb −

wji



+

+

wjk Rkr − Iir s˜i = 0



2
Iib



wji Rjg

wjk Rkg − Iig s˜i = 0

k∈N (j)

wji



(36)

j∈N (i)

wij Rjb −



2
Iig





(37)

wji Rjb

j∈N (i)

wjk Rkb − Iib s˜i = 0

(38)

k∈N (j)


+ 2λs s˜i − Iir Rir − Iig Rig
(39)

In our implementation, the above equations are solved iteratively by the Gaussian–Seidel method.

Rkg − Iig s˜i = 0

k∈BiR





(35)

wji Rjr

− Iib Rib − λf ix s̃f ix .

wjk Rkg

 

(34)

j∈N (i)

wij Rjg −

j∈N (i)



k∈N (j)

− 2λR z BiR
2(1 + λR )Rib −

+



k∈N (j)

j∈N (i)

j∈N (i)



wji

wjk Rkb − Iib s˜i = 0

wij Rjr −

j∈N (i)



wji (Rjb

j∈N (i)

k∈N (j)

j∈N (i)

wji Rjr

Rkr − Iir s˜i = 0



(33)

k∈Bis

+

wjk Rkr

 
R

wjk Rkg − Iig s˜i = 0



2
2
2
Iir
+ Iig
+ Iib
+ 2λs s˜i − 2λs z (Bis )
s̃k −

k∈N (j)



wji (Rjg



∀i ∈ B

j∈N (i)



wji









(32)

j∈N (i)

wij Rjb −

j∈N (i)

∀i ∈ B R :

wjk Rkr − Iir s˜i = 0

k∈N (j)

j∈N (i)

+



wij Rjg −



wji (Rjr

j∈N (i)

k∈N (j)

j∈N (i)

+



wij Rjr −

Iir Rir − Iig Rig − Iib Rib = 0

After
making
∂E(R, s̃)/∂Rir = ∂E(R, s̃)/∂Rig =
∂E(R, s̃)/∂Rib = ∂E(R, s̃)/∂ s˜i = 0, we obtain the following
equations:

+



2Rir −

k∈N (j)

+ 2Iib (s˜i · Iib − Rib ) + 2λf ix (s̃i − s̃f ix ). (27)

+

∀i ∈ B s :

(26)

∂E(R, s̃)
= 2Iir (s˜i · Iir − Rir ) + 2Iig (s˜i · Iig − Rig )
∂ s˜i

(30)


2
2
2
Iir
s˜i − Iir Rir − Iig Rig − Iib Rib = 0 (31)
+ Iig
+ Iib

j∈N (i)

k∈N (j)

⎛



⎞



wjk Rkb

k∈N (j)

k∈BiR

(24)

⎞



  
− 2λR z BiR
Rkb − Iib s˜i = 0

+

k∈N (j)

wji

j∈N (i)

⎞





+


j∈N (i)

wji Rjb

(29)
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