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Gimenez, l’Izar Capel, la Lidia Medina, el Sergi Delgado i la Naroa Urı́a sempre en
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Abstract
Image values are the result of a combination of visual information coming from multiple sources. Recovering information from the multiple factors that produced an image
seems a hard and ill-posed problem. However, it is important to observe that humans
develop the ability to interpret images and recognize and isolate speciﬁc physical
properties of the scene.
Images describing a single physical characteristic of an scene are called intrinsic
images. These images would beneﬁt most computer vision tasks which are often
aﬀected by the multiple complex eﬀects that are usually found in natural images (e.g.
cast shadows, specularities, interreﬂections...).
In this thesis we will analyze the problem of intrinsic image estimation from diﬀerent perspectives, including the theoretical formulation of the problem, the visual cues
that can be used to estimate the intrinsic components and the evaluation mechanisms
of the problem.
We ﬁrst give a brief introduction on the background and the nature of the problem
of intrinsic image estimation and some of its closely related topics. Then, we present
an exhaustive review of the literature of intrinsic images in the ﬁeld of computer
vision, giving a comprehensive and organized description of the existing techniques
for intrinsic image estimation. In our review we analyze how common simplifying
assumptions about the world have modiﬁed the formulation of the problem of intrinsic
image decomposition and also how diﬀerent information cues based on regularities
about the scenes and images have been used to estimate intrinsic images. We also
examine the evaluation mechanisms that have been used so far in this problem. We
analyze the existing databases and metrics, discuss the evolution of the problem and
identify the recent trends in the ﬁeld.
Color information has been frequently ignored in the ﬁeld of computer vision.
However, as it can be seen in our review, color has proved to be extremely useful in
the estimation of intrinsic images. In this work we present a method for intrinsic image
decomposition which estimates the intrinsic reﬂectance and shading components of a
single input image using observations from two diﬀerent color attributes combined in
a probabilistic framework. One of them, based on the semantic description of color
used by humans, provides a sparse description of reﬂectances in an image. The other,
based on an analysis of color distributions in the histogram space which connects local
maxima, gives us a consistent description of surfaces sharing the same reﬂectance,
providing stability of color-names in shadowed or near highlight regions of the image.
Moreover, most methods for intrinsic image decomposition have usually assumed
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“white light” in the scenes and have completely ignored the eﬀect of camera sensors in
images. However, both factors strongly inﬂuence the resulting image values during the
acquisition process. In this work we analyze the theoretical formulation underlying
the decomposition problem and propose a generalized framework where we model
the eﬀects of both the camera sensors and the color of the illuminant. In this novel
formulation we introduce a new reﬂectance component, called absolute reﬂectance,
which is invariant to both eﬀects.
Furthermore, we demonstrate that any knowledge of the color of the illuminant or
the camera sensors can be used to improve the reﬂectance estimates of diﬀerent existing methods for intrinsic image decomposition. We also show that existing methods,
which usually ignore the color of the illuminant and the camera sensors, include large
errors in their reﬂectance estimates.
Finally, we analyze the evaluation mechanisms of intrinsic images, which have
continuously evolved during the last decade. Although multiple datasets have been
presented, building these datasets has proved to be a challenging problem in itself
and current ground truth collections present multiple drawbacks, such as the small
number and diversity of scenes or the lack of ground truth information for speciﬁc
intrinsic components (the depth or surface orientation of the objects in the image,
the color and direction of the illuminant, etc.). In this thesis we present two datasets
for intrinsic image evaluation. One is a calibrated dataset which includes ground
truth information about the illuminant of the scene and the camera sensors. This
dataset is used in this work to experimentally validate the theoretical framework
for intrinsic image decomposition proposed in this thesis. The second dataset uses
synthetic data and contains both simple objects and complex scenes under diﬀerent
illumination conditions. In this work we demonstrate that it is possible to build large
and realistic datasets for intrinsic image evaluation using computer graphics software
and rendering engines.
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Chapter 1
Introduction
Computer vision is the scientiﬁc ﬁeld that focuses on computationally emulating the
processes that happen in the human visual system by acquiring, processing, analyzing
and understanding images. These images usually contain multiple complex eﬀects,
such as cast shadows, specularities or interreﬂections, which are caused by the geometry of the scene, the position of the light sources and the material of the objects.
Moreover, the color of the illuminants and the response of the camera sensors also
aﬀect the image values resulting from the acquisition process [111]. Isolating and
extracting these eﬀects from images would beneﬁt most computer vision tasks, such
as image segmentation, object recognition, video tracking, scene reconstruction, etc.
For instance, common object recognition problems, such as pedestrian detection
in autonomous vehicles or license plate detection in traﬃc monitoring are strongly
aﬀected by brusque changes in illumination [8, 83]. Being able to remove these illumination eﬀects (cast shadows, specularities, color of the illuminant, etc.) would
dramatically simplify the problem and increase the accuracy of most of the existing
approaches in the ﬁeld [114]. Moreover, isolating the information about the illumination would be extremely useful in order to analyze diﬀerent physical properties of
the scene, such as the number, color and direction of light sources, or the geometry,
the materials and relative position of the objects.
Images describing a single physical feature of the scene, such as the eﬀects described above, are called intrinsic images [23]. In this thesis we will analyze the
problem of intrinsic image estimation from diﬀerent perspectives, including the theoretical formulation of the problem, the visual cues that can be used to estimate the
intrinsic components and the evaluation mechanisms of the problem. To this end, we
ﬁrst need to introduce some background.
In this chapter, we will brieﬂy discuss how three-dimensional scenes have been
represented in planar surfaces throughout history. Then, we will brieﬂy mention how
the human visual system works. We will sketch the perceptual processes that are
supposed to occur in our brains. We will review some of the layer decomposition
models which aim at explaining the perceptual processes of our brain and which
serve as a theoretical background for computer vision techniques. Finally, we will
summarize the seminal work of Barrow and Tenembaum on intrinsic images [23],
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which is at the basis of this thesis.

1.1

Visual Descriptions of Scenes

An image, or picture, is a two-dimensional visual representation of a three-dimensional
scene. When the scene lies in a three-dimensional space, the image is a projection
of the scene on a plane or on a curved surface. These graphical descriptions, either
in the shape of drawings, paintings or photographs, have played an important role
during all the history, immortalizing both quotidian actions and special events. The
evolution of these arts deserves some attention, since it has usually been parallel to
our understanding of the human visual system [69].
The visual description of scenes on planar surfaces has been recurrent ever since
humans inhabited caves. Evidence of this are the multiple cave paintings dating back
to paleolithic and neolithic periods [127]. These paintings used very rudimentary
techniques that depicted animal silhouettes in hunting scenes. Drawing and painting
have constantly evolved, and the development and enhancement of techniques to
represent visual cues such as depth, volume or transparency have progressively added
a strong sense of realism to these pictures [67].
Until the end of the Middle Ages, basic techniques such as occlusion, scale or
the relative position in the plane were used to describe the third dimension (i.e.
volume and depth) [132, 67]. More complex techniques capable of conveying a sense
of transparency were also developed in order to represent materials such as silk [130].
Examples of these primary techniques can be seen in Figure 1.1.
During the Renaissance new techniques were explored, achieving a more realistic
sensation of volume and depth in paintings [72, 67]. Linear perspective, where the
parallel lines of an object converge into a given vanishing point and the sizes of the
ﬁgures are reduced according to distance, constituted a signiﬁcant step forward to
represent depth. In order to enhance the sensation of volume in objects, emphasis was
also put on illumination (i.e. shading and cast shadows), textures and transparency.
Examples of this are painting techniques such as sfumato, which produces soft shadows
and imperceptible transitions between colors, or chiaroscuro, which creates strong
contrasts between light and dark. Examples of these techniques are shown in Figure
1.2.
Until the 19th century, drawing and painting were mainly intended to faithfully
represent real scenes, and were therefore concerned with providing a strong sense
of realism. The development of photography, however, had a big impact in these
arts and quite soon diﬀerent abstract art movements, which focused on representing
subjective feelings rather than physical objects, appeared.
The ﬁrst camera device was built at the beginning of the 19th century, while
color photography appeared in the 20th century, and it was not until the end of this
same century that modern digital photography came out. Although the goal of many
photographers has been to express their subjective perceptions and emotions [125], we
are interested in the ability of camera devices to represent objective features, which
can be measured physically in a scene.
Although many issues inﬂuence the ﬁnal pixel values we observe at each point in
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(a)

(b)

(c)

(d)

Figure 1.1: Examples of techniques used to represent depth before the Renaissance
period. (a) A cave painting found in Valltorta, Valencia (Spain), where relative
position has been used to represent depth. (b) Transparent materials were represented
in ancient Egypt in the painting The goddess Hathor welcomes Sethos I. Occlusion
was also used in this painting to represent depth. (c) An example of ancient Greek
art where occlusion and relative position are used to convey a sense of depth. (d) A
sample of Byzantine art, the altarpiece Maestà of Duccio, where occlusion, scale and
relative position are used.

the image, some factors are of central interest: the position and nature of the light
sources in the scene, the reﬂectance properties of the objects and the responses of
camera sensors [111]. The direction of the illuminant and the geometry of the objects
in the scene result in cast shadows and shading variations, while the color and power of
the illuminant aﬀect the colors we perceive in the images. The materials of the objects
are also fundamental during the image acquisition process, since diﬀerent materials
have diﬀerent reﬂection properties. For instance plastic and metallic materials will
result in specularities in the image while wooden materials are diﬀuse. Finally, if
we take a picture of a single scene using multiple camera devices, the corresponding
images will have diﬀerent color values. This is due to the response of the sensitivity
functions of the camera sensors, which are diﬀerent for each camera model. The
acquisition process and the importance of these three factors will be further detailed
in Chapter 4.
After being acquired, digital images go through a quantization process in order
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(a)

(b)

(c)

Figure 1.2: Examples of techniques that came out during the Renaissance period.
Leonardo da Vinci’s painting L’Ultima Cena (a) is a clear example of linear perspective. Sfumato was used in one of the most famous art pieces, Leonardo da Vinci’s
painting La Gioconda (b). Giovanni Baglione’s painting Amor sacro e amor profano
(c) provides a great example of chiaroscuro. These techniques convey a vivid sensation
of shape and volume.

to be encoded as standard digital elements which can be read and viewed in any
computer device. This quantization process performs a discretization of the image
values both geometrically and colorimetrically, depending on the desired resolution
(i.e. size of the image) and color description of the image [68]. The acquisition and
quantization processes are both schematically illustrated in Figure 1.3.
So far we have seen that three-dimensional scenes have been represented in planar
surfaces throughout history. In drawing, painting and photography, information of
the scene originating from multiple factors (i.e. geometry, illumination, reﬂectance of
the objects, etc.) is combined in a single image.
As mentioned above, computer vision aims at emulating the human ability to recognize objects and actions in images. However, images values are the result of visual
information coming from multiple sources. Isolating the information coming from
each of these sources would beneﬁt most computer vision tasks. In this work, given
an image, we want to recover information from the multiple factors that produced it.
Although it may seem a hard and ill-posed problem, it is important to observe that
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Figure 1.3: Image acquisition process. The light source, the materials of the objects
and the response of the camera sensors inﬂuence the resulting image values. Afterwards, during the quantization process, geometric and colorimetric discretizations are
applied to the image.

whenever we refer to drawings, paintings or photos, human beings develop the ability
to interpret these images and recognize and isolate speciﬁc physical properties of the
scene. For example, we can estimate the reﬂectance of the objects, even when their
appearance is aﬀected by an illuminant which modiﬁes their colors. We are also able
to interpret the shape of an object or the depth in a scene, even when we just see a
simple drawing or sketch.
In computer vision, diﬀerent visual cues are used to recognize these speciﬁc physical properties. It is assumed that small intensity variations are usually caused by
shading, while sharp intensity diﬀerences mostly result from reﬂectance changes.
Nonetheless, in order to know which visual cues are the most useful for this purpose, we need to understand how our visual system works.

1.2

Outline of the Human Visual System

The human visual system is responsible for detecting and interpreting information
from visible light and its interaction with objects in order to build a representation
of the surrounding environment [147, 92, 115]. The retina in the human eye samples
the world in a process similar to the process of image acquisition in photography. On
the other hand, the visual cortex in our brain is responsible for interpreting the signal
transmitted by the retina.
Our retina has two diﬀerent types of photoreceptor cells: rods and cones. Cones
can be subdivided into three types, namely S-cones, M-cones, and L-cones, where
the capital letters refer to their peak sensitivities in the short, medium, and long
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wavelength regions of the visible spectrum (i.e. 380 - 750 nm). The output of each
type of cone provides measurements of incoming light intensity over a broad range of
wavelength, but with peak sensitivities at diﬀerent wavelengths. Having three cone
types with broadly tuned and overlapping wavelength sensitivities provides measurements of the luminance spectrum at each location in the retinal image. Rods, on the
other hand, are much more sensitive to light than cones, and are mainly responsible
for vision in dim light. The sensitivity responses for the diﬀerent photoreceptor cells
are shown in Figure 1.4. In photography, the camera sensors play the role of the
photoreceptor cells that can be found in the human retina [147, 92, 115].
420
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Figure 1.4: Response of the diﬀerent photoreceptor cells in the retina of human beings
with normal color vision. R indicates rods. S,M and L indicate the diﬀerent types of
cones.
Still in the retina, visual information from the photoreceptors is collected by the
organization of center-surround receptive ﬁelds of the ganglion cells, which provides
a way to detect contrast. The optic nerve connects the retina with the visual cortex,
acting as a continuous mapping of retinal points to corresponding cortical points. In
the brain, diﬀerent areas of the visual cortex are specialized for processing particular
types of information such as movement, depth, etc. [147, 92, 115].
Although the way that cells work in the retina is well-understood, the analysis
which takes place in the visual cortex is not fully understood [156, 115]. Psychologists
have been trying to unveil the perceptual processes happening in the human brain,
studying visual eﬀects such as brightness induction [129] (i.e. a phenomenon by which
the perceived luminance of an area is modulated by the luminance of the surrounding
areas), lightness constancy [113] (i.e. the ability to perceive the same brightness in
objects under diﬀerent conditions of illumination) and color constancy [46, 54] (i.e.
the ability to have a stable perception of the colors of objects, irrespective of the color
of the illuminant). Examples of these eﬀects can be seen in Figure 1.5.
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(a)

(b)

Figure 1.5: Examples of brightness induction (a) and color constancy (b). In (a),
although both grey squares have exactly the same color, the square surrounded by
black is perceived brighter than the square surrounded by white, a phenomenon referred to as brightness induction. In (b), we see the same scene under two diﬀerent
illumination conditions: A reddish light in the image on the left and a bluish light
in the image on the right (data from [17]). Although these illumination conditions
result in diﬀerent pixel values, we perceive the same colors in both images. This
phenomenon is referred to as color constancy.

The layer decomposition of images into a set of intrinsic physical components
is one of the models that psychologists have used to describe the way our visual
system perceives and interprets visual information. The problem of intrinsic image
estimation, which is the basis of this thesis, focuses on computationally emulating
this perceptual model. We provide a brief background on this perceptual model in
the next section.

1.3

Background on Human Visual Perception

We have already mentioned that once in the brain, information is processed in diﬀerent
specialized areas of the visual cortex [156, 115]. Psychologists have been trying to
unveil these processes.
In psychology, perception is deﬁned as the neurophysiological processes by which
an organism becomes aware of and interprets external stimuli [84]. In this section
we focus on the role that intrinsic images play in human visual perception. Our aim
in this thesis is to study how these intrinsic image models can be computationally
implemented to emulate human visual perception.
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The starting point for the study of intrinsic image models can be considered the
works on simultaneous color contrast of Helmholtz [75] and Hering [76] in the second
half of the 19th century. In their respective works, these authors drew attention to
the importance of layer perception, which has inﬂuenced many posterior works. Layer
perception refers to the idea that the visual system decomposes images into multiple
layers (or intrinsic images) in order to distinguish light from material [95].
Following Helmholtz and Hering ideas about color contrast, some authors assumed
that human perception is governed by edge information, and, therefore, that there
must be some process whereby reﬂectance changes are distinguished from illumination
variations. Sound contributions in this direction are the works of Land and McCann
[104, 103], and Gilchrist and colleagues [64, 65, 66]. These approaches suggested that
this separation process extracts luminance variations from the input image, classiﬁes these luminance derivatives as either being caused by reﬂectance or illumination
changes, and ﬁnally integrates these luminance edges according to their classiﬁcation,
obtaining a reﬂectance image and an illumination image.
Land and McCann, in their well-known Retinex theory [104, 103], deﬁned a twodimensional Mondrian world (i.e. a world made of color patches) where illumination
gradients cause smooth intensity variations and reﬂectance variations produce step
intensity changes. The Retinex theory [104] has been the basis of many posterior
works in intrinsic image decomposition, and it will be further discussed in Chapter 2.
Gilchrist et al. observed in [64, 65] that in three-dimensional scenes, sharp intensity changes can arise from either reﬂectance or illumination variations. Though
the authors do not specify an edge-classiﬁcation technique, they observed that edge
intersections may play an important role in such classiﬁcation. Intersections where an
illumination edge crosses a reﬂectance edge satisfy a ratio-invariance property, which
is illustrated in Figure 1.6.
Metelli, also inﬂuenced by Helmholtz and Hering’s ideas, deﬁned the theory of color
scission in his classical work about the perception of transparency [120]. Color scission
explains transparency as a case of perceptual color-splitting or layer decomposition.
Metelli also pointed out that the main cues for the perception of transparency are to
be found in ﬁgural and chromatic conditions (see Figure 1.7).
All these authors agreed on the importance of layer decomposition in human perception, which inspired Barrow and Tenembaum in their deﬁnition of intrinsic images
[23]. Their seminal work is summarized in the following section (Section 1.4).
Psychologists have broadly studied the human ability to perceive and isolate illumination eﬀects from reﬂectance, an aptitude called lightness or color constancy. In
their perceptual studies on intrinsic image models, there are three perceptual ’layers’ (i.e. intrinsic images) which are thought to be critical to vision: reﬂectance,
illumination and transparency [9, 96].
In order to emulate computationally how human visual perception works, we
need to understand some of the ideas in the works on perception of intrinsic images. Kingdom, in [96], observes that these perceptual models on intrinsic images
are, in fact, compilations of demonstrations showing the inﬂuence of illumination and
transparency on surface lightness and brightness. The author proposes two important
factors to classify these works.
The ﬁrst factor is related to the cues used by human vision to identify the presence
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Figure 1.6: Representation of the ratio-invariance property at edge intersections described in [64]. An illumination edge (the vertical one) dividing regions A and C from
regions B and D crosses a reﬂectance edge (the horizontal one) separating regions A
A
C
and B from regions C and D) and the ratio-invariance property, B
=D
, holds.

(a)

(b)

(c)

Figure 1.7: The perception of transparency [120]. The transparency perceived in (a)
disappears when the ﬁgural unity is broken (b) or when certain color conditions are
not met (c).

of non-uniform illumination and transparency. Among these cues, we ﬁnd luminance
relations such as the ratio-invariance at intersecting edges described by Gilchrist in
[66], gradient classiﬁcation, popularized by Land and McCann in [104], or contrast
in luminance edges [110, 47]. We also ﬁnd ﬁgural relations such as junctions, used in
[66, 9], and straightness properties [110]. Other common cues such as depth, color,
texture and motion are also described (see Kingdom’s review [95]).
The second factor is concerned with the eﬀects of perceived illumination and transparency on lightness and brightness. Diﬀerent works have shown how depictions of
transparency [9, 110], shading and shadows [10, 11, 109], and ﬁgure-ground relationships [12] can profoundly inﬂuence brightness perception. Kingdom concludes that
existing perceptual intrinsic image models do not explain how layer decomposition
and luminance values are combined to compute lightness. Nonetheless, these models have explored the visual cues involved in layer decomposition and the role that
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transparency and non-uniform illumination play on our perception of illumination
(brightness) and reﬂectance (lightness).
Some attention must be given to the works of Adelson [9, 11]. His works on
intrinsic images are especially interesting in the ﬁeld of computer vision, since he is
one of the few authors who has linked both perceptual and computational intrinsic
images models.
In [9], Adelson presented illusions that show how three-dimensionality and transparency interpretations can aﬀect brightness judgements. These illusions cannot be
explained with low-level mechanisms such as the mechanisms involved in the Retinex
(see Figure 1.8). The author concluded that any model predicting brightness phenomena should use sophisticated mechanisms that decompose the image into a set
of intrinsic images representing reﬂectance, illumination and transparency. Adelson’s
observations on the Retinex theory are signiﬁcant since the Retinex has been the
basis for many works on intrinsic image decomposition in the ﬁeld of computer vision. Moreover, while most computational methods for intrinsic image decomposition
have focused on decomposing input images into their reﬂectance and illumination
components, transparency has been thoroughly ignored.

(a) Original image

(b) Shading

(c) Reflectance

Figure 1.8: The inﬂuence of 3D interpretation on brightness and lightness perception
(image adapted from [10]). The edges in (a) would be equally classiﬁed by local
methods such as the Retinex [104], although the upper one is a result of a variation
in illumination (b), while the lower one is due to a change in reﬂectance (c).
Adelson and Pentland [11] observed that any mechanism for achieving an intrinsic
image decomposition must make assumptions about regularities in the scenes. The
authors described an algorithm that could interpret simple polyhedral images using a
hierarchical model based on cost functions that enhance the most likely explanation
of the image according to a set of predeﬁned independent rules on shape, lighting
and reﬂectance. Their idea is illustrated in Figure 1.9, where diﬀerent combinations
of shape, lighting, and reﬂectance result in the same image. However, according
to a set of predeﬁned independent rules about the scenes (i.e. prior knowledge),
one explanation of the intrinsic composition of the image is more probable than the
others. For instance, in this example we see that one possible explanation of the
resulting image is given by a ﬂat object illuminated from the viewer’s direction where
all luminance variations occur in the reﬂectance component (ﬁrst row). However, the
other explanations (second and third rows), where some of these luminance variations
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are caused by the geometry of the scene (i.e shading changes), seem far more intuitive.
The perceptual model of Adelson and Pentland [11] was presented as a computational
method for intrinsic image decomposition in [141].

Figure 1.9: Image adapted from [11]. Diﬀerent illumination, shape and reﬂectance
conditions result in the same image. Are some of these combinations more likely than
others?

1.4

Intrinsic Images in Computer Vision

The problem of intrinsic image decomposition in computer vision was ﬁrst deﬁned
by Barrow and Tenembaum in [23]. The authors introduced the recovery process of
“intrinsic images” from one or multiple intensity images (although color images are
more commonly used nowadays). Intrinsic images were deﬁned as images containing a
single intrinsic characteristic of a scene. The primary intrinsic characteristics that the
authors proposed to be recovered included material reﬂectance, distance or surface
orientation, and incident illumination (i.e. shading). They also named others such as
transparency, specularity or luminosity.
The main problem in recovering intrinsic scene characteristics from an intensity
image is that the information in the image is confounded, since each intensity value
combines all the intrinsic characteristics of the corresponding scene point. Although
the information in the input image may seem insuﬃcient, it is undeniable that humans
possess the ability to estimate physical characteristics of a scene throughout a wide
range of viewing conditions, even if the scene is unfamiliar.
Barrow and Tenembaum examined the computational nature of the recovery process to determine whether such a design is really feasible. The authors ﬁrst deﬁned
a simple world or experimental domain, making simplifying assumptions about the
scene, the illumination, the viewpoint, the sensors, and the image-encoding process.
In this simpliﬁed domain, images consisted of regions of smoothly varying intensity
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bounded by step discontinuities. The nature of these edges was studied and a catalog
for edge classiﬁcation was proposed.

Figure 1.10: Computational model for the recovery of intrinsic image presented in
the work of Barrow and Tenembaum [23]. In this model, an input intensity image
(ﬁrst layer) is decomposed into multiple intrinsic images (subsequent layers) using
intra-image continuity (circles), inter-image constraints (vertical lines) and further
local processes (X marks) in each layer to inhibit continuity constraints.
Figure 1.10 shows a schematic of the computational model for the recovery of
intrinsic images deﬁned by Barrow and Tenembaum in [23]. Given an input intensity
image, represented in the ﬁrst layer of the model (Figure 1.10, top), intensity edges are
identiﬁed and interpreted according to the proposed catalog for edge classiﬁcation.
According to these interpretations, edges are deﬁned (dashed curved lines) in the
multiple intrinsic images.
A ﬁrst set of processes (circles) modiﬁes the values locally in each layer in order
to enforce intra-image continuity and limit constraints. Then, the consistency of the
multiple intrinsic image values is enforced in a second set of processes (vertical lines)
by using inter-image photometric constraints. Finally, a third set of processes (X
marks) is applied to each layer to insert and delete edge elements in order to locally
inhibit continuity constraints. These processes interact continuously to improve the
initial edge interpretation until accurate intrinsic scene characteristics are recovered.
For instance, imagine that we want to decompose a color image into its shading
and reﬂectance intrinsic components. We can use the Retinex assumption which
states that small luminance edges are the result of shading variations, while sharp
luminance edges are usually caused by reﬂectance changes. Thus, in that case, we
deﬁne a threshold and use it to classify the luminance derivatives of the input image
(this classiﬁcation corresponds to the curved dashed lines in the model). Once we
have classiﬁed these edges as being caused by either shading or reﬂectance variations,
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we use assumptions about the regularities of the scenes, such as the smooth variation
of shading, to locally modify the values of our intrinsic images and enforce intraimage continuity (circles) in the shading component. Now, given that we decompose
the image into two diﬀerent intrinsic images, let us assume that the product of these
images must be equal to the input image. Using this information we know that when
we modify one intrinsic component we must modify the other accordingly in order
to enforce inter-image photometric constraints (vertical lines). Finally, we also use
information about the chromatic derivatives of the input image in order to locally
inhibit (X-marks) continuity constraints that were enforced by our previous shading
smoothness assumption. Since intensity variations are canceled in the chromatic
image, we can now decide wether some of the edges that we classiﬁed as being caused
by reﬂectance changes are, in fact, sharp shading variations caused by a cast shadow.
This information modiﬁes the nature of the edges that we classiﬁed at the beginning.
Barrow and Tenenbaum discussed how this model can be extended to work in
more complex domains and also studied the consequences of relaxing the diﬀerent
assumptions of their initial oversimpliﬁed world. They observed that phenomena such
as specularities and transparencies, present in many real scenes, could be helpful in the
recovery process for completely describing the scene since they represent additional
intrinsic characteristics. It was also mentioned that the described framework could
be extended to accommodate additional sources of information about the scene such
as input color images.
The work of Barrow and Tenembaum [23] was strongly inﬂuenced by the previous
works of Horn [80, 81, 82] and Marr [117]. Horn studied the physical basis of image
intensity variations [82], and designed techniques for determining surface lightness
[80] and shape from shading [81] in simpliﬁed domains. Barrow and Tenembaum [23]
studied the constraints and assumptions underlying Horn’s recovery techniques with
the idea that they could be integrated in a more general method which could be used
in more complex scenes. Marr described a layered organization for a general vision
system in [117]. In his work, the ﬁrst layer consists of a symbolic representation of
the edges and shading in an intensity image, which is used at the next layer to derive
the three-dimensional structure of the image. This structure is analogous to Barrow
and Tenembaum orientation and distance intrinsic images. However, Marr focused
on understanding the nature of individual cues, perfecting the symbolic representation of the edges before undertaking any higher level processing, while Barrow and
Tenembaum focused on understanding the integration of multiple cues, attempting
to immediately assign three-dimensional interpretations to intensity edges.
Following the work of Barrow and Tenembaum, diﬀerent authors focused on decomposing images into their shading and reﬂectance components by making simplifying assumptions of the world and classifying image derivatives (we review these
methods in Chapter 2). Recovering these two characteristics from a single image I
amounts to estimating a reﬂectance image and a shading image such that
I(x, y) = IShad (x, y) · IRef l (x, y),

(1.1)

where IShad represents the amount of reﬂection arriving to the (x, y) point of the
image from a speciﬁc point of the object surface and IRef l describes how the light is
reﬂected by the corresponding point of the object. This problem is clearly ill-posed
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since it is underconstrained: the unknowns outnumber the equations.
One of the drawbacks of this formulation is that it does not model the eﬀect
of either the illuminant of the scene or the camera sensors. As we have previously
mentioned, both factors inﬂuence the pixel values of the images after the acquisition
process. As a result, these factors strongly aﬀect the reﬂectance estimates of any
method for intrinsic image decomposition. However, they are usually ignored. Here
we brieﬂy introduce the related topics of color constancy and camera sensor calibration
in Subsections 1.4.1 and 1.4.2 respectively. In Chapter 4 we propose a new generalized
framework for intrinsic image decomposition where the eﬀects of the illuminant of the
scene and the camera sensors have been included in the formulation of the problem.
We also show how color constancy and sensor calibration models can be used to
improve the estimates of existing intrinsic image decomposition approaches.
In a completely diﬀerent direction, another problem that early authors in intrinsic
image decomposition faced was the lack of standard evaluation mechanisms which
prevented them to quantitatively compare their methods against other approaches.
In Subsection 1.4.3 we brieﬂy introduce the problem of intrinsic image evaluation. In
Chapter 2 we review the current evaluation mechanisms and, in Chapter 5, we present
two new datasets for intrinsic image evaluation.

1.4.1

Color Constancy

Human beings have the ability to isolate and correct the eﬀects of the color of the
illuminant [54] on the diﬀerent reﬂectances in the scene. This ability is called color
constancy, and the way it works is still unclear, even if several neural mechanisms
contributing to color constancy have been singled out [101]. Figure 1.5(b) provides a
simple example of color constancy.
Observe that acquiring two images of a single scene (with the same camera device)
using two diﬀerent illuminants results in two images with diﬀerent color values. In
the ﬁeld of computer vision, ﬁltering out the eﬀects of the light source from images
is fundamental for any color-based technique. Several computational color constancy
approaches exist [52, 149, 63, 79]. The goal of these methods is to produce a corrected
image where the eﬀects of the color of the illuminant have been removed, or in other
words, estimate how the image would look under a canonical “white” light. In order
to achieve this objective, many approaches estimate the color of the illuminant and
then perform a color transformation on the input image, resulting in a canonical
image. Notice that in order to perform such a color correction on the whole image,
these methods assume that there is a single light source and its color is distributed
homogeneously across the scene. However, this assumption does not hold when there
are multiple light sources in the scene or interreﬂections are found in the images.
Finally, research in the ﬁeld of color constancy has also devoted attention to the
eﬀects of the imaging sensors for the ﬁnal recovery of the canonical illuminants [152].
As mentioned above, in Chapter 4 we further discuss the inﬂuence of the illuminant
in the problem of intrinsic image decomposition and show how color constancy can be
used to achieve a better intrinsic reﬂectance estimate which is invariant to the color
of the illuminant.

1.5. Scope of the thesis

1.4.2
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Sensor Calibration

Camera sensors are responsible for capturing light and converting it into pixel values. This process is achieved by color-separation mechanisms, which depend on the
response of the sensitivity functions of the sensors. For this reason, if we simultaneously took a picture of the same scene with two diﬀerent cameras from the same point
of view and using the same settings, the pixel values of the resulting images would
not be the same.
As it happened with the color of the illuminant, camera sensors also aﬀect the pixel
values that we observe in images. Two images acquired with diﬀerent camera models
under the same illumination conditions will have diﬀerent color values. Therefore,
ﬁltering out the eﬀects of these camera sensors from images is also fundamental for any
color-based technique in computer vision. There exist several computational models
of camera calibration that estimate the sensitivity functions of the camera [16, 124].
Once these sensitivity functions have been estimated, it is possible to perform a color
transformation on the input image in order to obtain a corrected image where the
eﬀects of the camera sensors have been removed, or in other words, estimate how the
image would look under a set of standard sensors. These sensor transformations are
often modeled with 3-by-3 matrices [85].
In Chapter 4 we further discuss the inﬂuence of the camera sensors in the problem
of intrinsic image decomposition. We show how any knowledge about the camera
model used to capture the image can be used to achieve a better intrinsic reﬂectance
estimate which is invariant to the camera sensors.

1.4.3

Intrinsic Image Evaluation

As mentioned above, one of the diﬃculties that the ﬁrst computational methods on
intrinsic image estimation faced was the lack of standard ground truth datasets and
metrics for intrinsic image evaluation. In fact, most early methods only showed a few
qualitative examples.
The appearance of the MIT dataset [71] allowed many posterior methods to be
quantitatively evaluated and compared against other methods. However, building
such a dataset proved to be challenging, and the small number and variety of ground
truth data it contains have forced some recent methods to evaluate their results with
other datasets which have not been speciﬁcally built for the purpose of intrinsic image
evaluation [38, 160].
Given the actual complexity of building datasets for intrinsic image evaluation
using natural scenes, diﬀerent alternatives such as crowdsourced datasets [28] and
synthetic image datasets [24], have been proposed. In Chapter 2 we present a thorough
review of the diﬀerent datasets and metrics used so far in the ﬁeld. In Chapter 5 we
present two new datasets for intrinsic image evaluation.

1.5

Scope of the thesis

The main goal of this thesis is to analyze the inﬂuence of color features in the problem
of intrinsic image estimation and to propose multiple improvements in diﬀerent areas
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of the problem. We describe a new method for intrinsic image estimation, deﬁne a
new theoretical model which generalizes previous formulations of the problem and
release two diﬀerent ground truth collections for intrinsic image evaluation.
In Chapter 2 we ﬁrst provide a thorough review of the existing methods for intrinsic
image decomposition, as well as the diﬀerent datasets and metrics that have been
used so far in the ﬁeld. We analyze how the simplifying assumptions about the scenes
have modiﬁed the formulation of the problem and also how diﬀerent information cues
based on regularities about the scenes have been used to estimate intrinsic images.
We ﬁnally discuss the evolution of the problem and anticipate future developments
in the ﬁeld.
Although color information has been frequently ignored in computer vision [62], it
has proven to be extremely useful in the decomposition of intrinsic images. In Chapter 3 we present a computational method for intrinsic image decomposition which,
given a single input image, estimates its intrinsic reﬂectance and shading components
using information from diﬀerent color cues. The ﬁrst cue is based on the semantic
description of color used by humans (i.e. based on color names) and provides a more
robust description of the reﬂectances than standard color spaces. The second cue
is based on an analysis of color distributions in the histogram space and provides a
consistent description of surfaces sharing the same reﬂectance, overcoming local problems that the color name descriptor may ﬁnd in shadowed or near highlight regions
of the image. A probabilistic framework is used to combine information from both
color descriptors.
In most methods for intrinsic image decomposition, including ours, authors have
assumed white light in the scenes and have completely ignored the eﬀect of camera
sensors in images. However, as explained above, both the illuminant of the scene
and the camera sensors strongly inﬂuence the resulting pixel values during the image
acquisition process. In Chapter 4 we analyze the theoretical formulation underlying
the decomposition problem and propose a generalized framework where we model the
eﬀects of both camera sensors and illuminant color. Our framework extends previous
formulations. Moreover, we show how removing these photometric eﬀects from input
images improves the results of diﬀerent methods for intrinsic image decomposition.
In order to validate our framework we have built a calibrated dataset which includes ground truth information about the illuminant of the scene and the camera
sensors. This new dataset is presented in Chapter 4. The evaluation of intrinsic
images has continuously evolved during the last decade. Although diﬀerent datasets
have been released, building these datasets has proved to be a challenging task. Current ground truth collections present some drawbacks, such as the small number and
diversity of scenes or the lack of ground truth information for speciﬁc intrinsic components (i.e. the depth or surface orientation of the objects in the image, the color
and direction of the illuminant, etc.). In Chapter 5 we also present another new
dataset for intrinsic image evaluation. This dataset uses synthetic data and contains
both simple objects and complex scenes under diﬀerent illumination settings. We
show that it is possible to easily create large and realistic datasets for intrinsic image
evaluation using computer graphics software and rendering engines.
Finally, in Chapter 6 we list our contributions and discuss future work about how
the lines of research presented in this thesis could be further developed.

Chapter 2
Review on Computational Intrinsic
Images
Intrinsic images were ﬁrst introduced by Barrow and Tenembaum in [23]. The authors
deﬁned an intrinsic image of a given scene as an image depicting a single physical
characteristic of the scene such as reﬂectance, illumination, orientation, distance to
the observer, transparency, specularity, luminosity, etc. Figure 2.1 illustrates how the
authors imagined some of these components (top row) and their actual representations
(bottom row). Intrinsic image decomposition is a hard and ill-posed problem, because
the number of unknowns is greater than the number of equations. This means that
multiple combinations of diﬀerent intrinsic components may result in the same input
image. However, human beings have the ability to interpret images, and recognize
and isolate speciﬁc physical properties of the scene. For example, we can determine
the actual color of the objects in a scene, even if their appearance is modiﬁed by an
illuminant. We are also able to interpret the shape of an object or the depth in a
scene. The goal of intrinsic image decomposition approaches is to computationally
emulate the human ability to isolate the diﬀerent factors that form an image. This
chapter provides a detailed and organized overview on these methods for intrinsic
image estimation.
Intrinsic images describe speciﬁc features that provide a better understanding of
scenes and facilitate subsequent processing. Intrinsic images have been widely used in
many subﬁelds of computer vision, such as shape from shading [45], color constancy
[63], highlight removal [13] or color photo editing [108, 25]. However, the so-called
intrinsic image decomposition methods initially focused on providing reﬂectance and
shading image estimates of a scene.
In order to perform such a decomposition, early methods focused on making simplifying assumptions about the scenes and classifying image derivatives based on the
Retinex theory [104, 103]. Reformulating the intrinsic image decomposition as an
energy function optimization problem allowed the inclusion of multiple and diverse
information cues into the equation, which resulted in better reﬂectance and shading
estimates. Recently, the development of technology has enabled methods in intrinsic
image decomposition to include extra input information, which simpliﬁes the estima17
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Figure 2.1: Intrinsic components as illustrated by Barrow and Tenembaum in [23] are
shown in the top row, while actual representations of these intrinsic components can
be found in the bottom row. Representations for depth and orientation in [23] are
based on the 2.5D sketch of Marr [117].

tion process. A good example of this is the appearance of RGB-D cameras such as
Kinect [39]. Such cameras allowed the consideration of coarse information about the
depth of the scene.
Nevertheless, the mechanisms for intrinsic image evaluation have not evolved accordingly. The appearance of the MIT dataset [71], which provided ground truth data
for reﬂectance and shading components as well as specularities, was an important step
towards the objective evaluation and comparison of intrinsic image decomposition
methods. However, recent methods make it necessary to build larger datasets which
include ground truth data for multiple intrinsic characteristics of the scene.
Although a lot of progress has been made in the ﬁeld of intrinsic images during the
last decade, to the best of our knowledge no exhaustive review of the ﬁeld is available
in the literature. The objective of this chapter is to present a comprehensive and
organized review of the techniques for intrinsic image estimation. Methods on intrinsic
image decomposition can be reviewed in many diﬀerent ways. In this work, we use
diﬀerent principles to review the ﬁeld. The ﬁrst one, in Section 2.1, is based on the
diﬀerent assumptions that the methods for intrinsic image decomposition have made
about the world in order to simplify the problem of intrinsic image decomposition.
This principle gives us insight into the theoretical modeling underlying the problem.
In Section 2.2, we introduce diﬀerent visual cues based on regularities in the scenes and
images which have been used in diﬀerent intrinsic image estimation methods. Some of
these visual cues have been fundamental in the ﬁeld and have inﬂuenced most works on
intrinsic image decomposition. The other principle, in Section 2.3, focuses on practical
aspects of the problem such as the number and sort of input images that each method
uses, the number and sort of intrinsic components being estimated, the nature of the
information cues used to constrain the solution (introduced in Section 2.2) and the
techniques used to solve the problem. Although assumptions are used in all these
sections, they refer to diﬀerent kinds of constraints. While the assumptions described
in Section 2.1 refer to general regularities about the physics of the scenes and have an
inﬂuence on the formulation of the problem, the assumptions presented in Sections
2.2 and 2.3 are focused on regularities that aﬀect the image formation process. In
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Section 2.4, we also review the evaluation mechanisms that have been used so far in
the ﬁeld of intrinsic image decomposition, analyzing the existing datasets and metrics.
Finally, we report the conclusions of this survey and analyze recent trends in the ﬁeld
and potential developments in Section 2.5.

2.1

Problem formulation and simplifying assumptions about the scenes

As mentioned above, the decomposition of an image into its intrinsic components
is an ill-posed problem with more unknowns than equations. In order to simplify
the problem, all approaches make simplifying assumptions about the complexity of
the world. In this section we describe the most common assumptions and how they
constrain the theoretical formulation of the problem.
Assuming Lambertian surfaces in a scene is one of the most widely used hypotheses
in intrinsic image decomposition. The luminance of Lambertian surfaces is isotropic,
which means that there are no specularities∗ . Under this assumption, many methods have been built to decompose the input image into its shading and reﬂectance
components,
I(x, y) = IShad (x, y) · IRef l (x, y),
(2.1)
where IShad is the shading image and represents the amount of reﬂection of the light
arriving arriving at the point (x, y) of the image from a speciﬁc point of the object
surface considering the shape of the objects in the scene and the position of the light
source, and IRef l is the reﬂectance image, which describes how the light is reﬂected by
the corresponding point of the object considering the material reﬂectance properties.
The form of the intrinsic components also depends on the assumptions we make
about the world. IRef l has been usually represented as a 3-channel matrix, where each
channel represents one of the dimensions of the RGB color space. When the world
is assumed to be achromatic and the input image lacks color information, IRef l is a
grey-scale image and is represented as a single channel matrix [141, 27, 158, 145, 20].
By contrast, IShad has been usually represented as a 1-channel matrix. When it
is the case, the shading models the local intensity of the reﬂectance at each pixel
or, in other words, scenes are assumed to be illuminated by a white light (i.e. an
achromatic light source that aﬀects the intensity of the reﬂectances in the scene but
not their chromaticity). However, a few methods have assumed more complex worlds
and use 3-channel matrices to describe the shading images, allowing to model color
illuminants and/or interreﬂections in the scene [32, 102, 19, 21]. The shading image,
IShad , has also been generalized as a function, M (), of the shape of the objects in the
scene, IShape , and the model of illumination, L, in diﬀerent works [20, 19, 105, 102,
144, 21, 38, 155], leading to the following formulation of the problem
I(x, y) = IShad (x, y) · IRef l (x, y) = M (IShape (x, y), L) · IRef l (x, y).
∗ Specular

reflections of the scene, which often result in saturated values in the images.

(2.2)
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When the Lambertian assumption is relaxed, methods must cope with potential
specularities in the input images [143, 42, 105, 21]. Some of these works [105, 21]
have included the highlights in the shading image, while the others [143, 42] have
speciﬁcally modeled these eﬀects and have included them in the formulation of the
problem,
I(x, y) = IShad (x, y) · IRef l (x, y) + ISpec (x, y),
(2.3)
where ISpec denotes the specular reﬂection of the objects in the scene and acts as an
additive term.
Although both the color of the illuminant and the camera sensors inﬂuence the
pixel values we observe in the input images, none of the previous formulations model
their eﬀects. In Chapter 4 we present a new framework for intrinsic image decomposition which models the eﬀects of the illuminant of the scene and the camera sensors.
Our framework generalizes the formulations described in this section.

2.1.1

Discussion

Adding new terms to the basic formulation of the problem (Equation 2.1) without
including extra equations may not seem a good idea because we are underconstraining
the problem. However, these terms are closely related and allow us to use prior
knowledge about the world in order to constrain the number of possible solutions and
determine the most likely ones. A good example of this idea is illustrated in Figure
1.9, where diﬀerent combinations of shape, lighting, and reﬂectance result in the same
image. However, according to a set of predeﬁned independent rules about the world
(i.e. prior knowledge), there is one explanation of the intrinsic composition of the
image which is more probable than the others. Table 2.1 summarizes how the existing
methods have used the simplifying assumptions reviewed in this section.

2.2

Visual cues based on scene and image regularities

In this section we review diﬀerent visual cues that have been used in intrinsic image
estimation. These cues are based on physical regularities about the images and the
underlying scenes and so far have proved to be extremely useful in order to bound the
space of plausible solutions to the problem of intrinsic image decomposition. Typical
regularities are that the curvature of most objects in a scene usually changes smoothly,
or that the reﬂectances in a scene are usually sparse and can therefore be represented
in reﬂectance images with a reduced set of color values.

2.2.1

Shading Smoothness

The ﬁrst attempt to divide the lightness of an image into its reﬂectance and shading
components (Equation 2.1) is found in the Retinex theory [104, 103], which was
released before the intrinsic image problem was formally deﬁned in 1978. The Retinex
aimed to emulate some retinal-cortical processes in the human visual system in a 2D
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Work
Funt’92 [57]
Sinha’93 [141]
Bell’01 [27]
Weiss’01 [158]
Finalyson’04 [49]
Matsushita’04 [119]
Olmos’04 [122]
Tan’04 [143]
Tappen’05 [146]
Tappen’06 [145]
Bousseau’09 [32]
Jiang’10 [90]
JShen’11 [136]
LShen’11 [138]
Gehler’11 [60]
Barron’12a [20]
Barron’12b [19]
Garces’12 [59]
Lee’12 [105]
Serra’12 [133]
Laﬀont’12 [102]
Tang’12 [144]
Zhao’12 [137, 162]
Barron’13 [21]
Chen’13 [38]
Vineet’13 [155]
Chang’14 [37]
Jeon’14 [89]
Ye’14 [160]
Kong’14 [99]
Bell’14 [28]

Lambertian
Surfaces
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X†
X
X
X
X
X†
X
X
X
X
X

21

Single Uniform
Illuminant
X
X
X
X
X
X
X
X
X
X
X
X
X
X

White
Light
X
X*
X*
X*
X
X
X
X*
X
X
X
X
X*

X

X
X
X

X
X

X
X

X
X
X
X

X
X
X
X

Table 2.1: Classiﬁcation of the methods based on the simplifying assumptions they
make about the scenes. † Specularities are included in the shading image. * Grayscale
images are used.
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Mondrian world† of Lambertian surfaces. These processes are thought to be at the
basis of the human ability to perceive color robustly and independently of the color
of the illuminant (color constancy).
The authors showed in their experiments that adjacent luminances do not diﬀer
abruptly unless there is a boundary between two areas with distinct reﬂectances.
Therefore, luminance edges in images are an important source of information: brusque
changes indicate reﬂectance variations while smooth variations are due to shading.
Using these ratios of luminance at adjacent points, the Retinex algorithm can both
detect edges and eliminate the eﬀect of nonuniform illumination or shading.
However, the assumptions of the Retinex do not always hold when decomposing
natural images, which are more complex than 2D Mondrian worlds. The 3D geometry
of a scene can produce sharp shading edges when occluding objects cause cast shadows,
and the materials of the objects, which are generally non-Lambertian, often result in
specularities.
Although sharp shading edges can be found in natural images, shading variations
are still smooth in most of the images. As a consequence, the Retinex-like classiﬁcation
of image derivatives into those caused by reﬂectance changes and those caused by
shading variations has been successfully and recurrently used in many successive works
[57, 141, 27, 158, 119, 49, 122, 143, 146, 145]. Moreover, many of the works that do
not classify image derivatives [138, 60, 133, 59, 162, 89] also include diﬀerent cues
based on the assumption that shading varies smoothly as proposed in the Retinex
theory.
In [57], Funt et al. observed that chromaticity edges could be useful to detect
luminance variations caused by sharp shading edges, since shading variations are
theoretically cancelled in chromaticity images. This property has been used in most
posterior works also including shading smoothness cues.
Other existing cues are also based on this shading smoothness regularity. In [19],
Barron and Malik deﬁned a cue on the smooth variation of mean curvature in the
shape of the objects. In fact, shading smoothness is a direct consequence of curvature
smoothness. Following this idea, Lee et al., in [105], proposed that non-neighboring
pixels with the same surface normal direction should have similar shading descriptions.

2.2.2

Texture Structure

Regularities on texture have been used as well to estimate intrinsic images. Textures
can be caused by both reﬂectance and geometric patterns. In [106], Leung and Malik
deﬁned a vocabulary of surface patches with associated geometric and photometric
properties called 3D textons. These 3D textons have been used in some intrinsic image
decomposition works to deﬁne a visual cue based on texture structure [137, 105]. In
these works, pixels sharing similar local texture structures were grouped together as
having the same reﬂectance values.
†A

world made of color patches
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Color Sparsity

The number and distribution of color in scenes is another important regularity which
has been exploited in the problem of intrinsic image estimation. Multiple factors aﬀect
the color values we observe in images. Some color distortions are produced by the
geometry of the objects in the scene and the nature of the light sources (highlights,
shadows, interreﬂections, etc.). Other factors inﬂuence the color values during the
image acquisition process (camera sensors, non-linear tranformations, etc.). All these
issues, the ones that happen in the scene itself and the ones that occur during the
image acquisition process, cause that pixels which represent the same reﬂectance are
ﬁnally described with diﬀerent color values in images.
Omer and Werman, in [123], analyzed the distribution of image reﬂectances in
color histograms and showed that the reﬂectances of natural scenes are usually sparse.
Therefore, these reﬂectances can be eﬃciently described by a sparse and reduced set
of color values in the reﬂectance intrinsic images. The authors introduced a method
which clusters image pixels based on the analysis of reﬂectance distributions in color
histograms. In a similar fashion, in [151], Vazquez et al. presented a method which
analyzes the local maxima of a color distribution in a color histogram space in order
to cluster image pixels. These methods provide a compact description of reﬂectances
which is robust to color distortions.
Color sparsity is also a central concept in human perception. Although humans
can distinguish millions of diﬀerent colors [91], it has been studied that human beings
from around the world use a very discrete set of semantic terms to describe perceived
colors [31].
Using a sparse set of colors as a cue has been recurrent in the deﬁnition of energy
functions for intrinsic image estimation [32, 138, 60, 133, 59, 19, 28]. This idea is
simply to enforce neighboring pixels with a similar chromaticity to share the same
reﬂectance value. Assuming that the reﬂectances in a scene can be described with a
sparse set of colors allows us to reduce the number of possible solutions, but it can be
a problem when representing scenes containing many diﬀerent reﬂectances or smooth
reﬂectance changes.

2.2.4

Discussion

Assumptions about regularities in scenes and images reduce the space of potential
solutions of the intrinsic image decomposition problem. The inclusion of new intrinsic components into the formulation of the problem usually implies the use of new
assumptions. The color sparsity cue, for example, was only considered when methods
started using input color images. In Table reftab:regul we provide a classiﬁcation of
the intrinsic image decomposition methods according to the assumptions about regularities in scenes that they use. The visual cues described in this section will be used
as a classiﬁcation factor in the next section.
The actual use of RGB-D images and video, has also enforced the deﬁnition of new
cues based on shape and temporal regularities. Some of these cues will be mentioned
in the following section.
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Work
Funt’92 [57]
Sinha’93 [141]
Bell’01 [27]
Weiss’01 [158]
Finalyson’04 [49]
Matsushita’04 [119]
Olmos’04 [122]
Tan’04 [143]
Tappen’05 [146]
Tappen’06 [145]
Bousseau’09 [32]
Jiang’10 [90]
JShen’11 [136]
LShen’11 [138]
Gehler’11 [60]
Barron’12a [20]
Barron’12b [19]
Garces’12 [59]
Lee’12 [105]
Serra’12 [133]
Laﬀont’12 [102]
Tang’12 [144]
Zhao’12 [137, 162]
Barron’13 [21]
Chen’13 [38]
Vineet’13 [155]
Chang’14 [37]
Jeon’14 [89]
Ye’14 [160]
Kong’14 [99]
Bell’14 [28]

Scene and Image Regularities
Shading
Color
Texture
Smoothness Sparsity Structure
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X

X
X
X

X

X

X
X

Table 2.2: Classiﬁcation of the methods according to their assumptions about the
most common regularities in the scenes.
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In this section we propose a 2-layer classiﬁcation of methods for intrinsic image decomposition based on the estimation techniques they use, as well as the information
cues they use and their input and output information. Estimation techniques provide the ﬁrst criterion of the classiﬁcation. At this level, the methods are divided
between those approaches which focus on labeling image derivatives and the others,
which mostly formulate the estimation of intrinsic components as an energy function
optimization problem. Information cues used to constrain the problem, as well as
the input information the approaches require, are used in the second level of this
classiﬁcation. Some of these cues have been described in the previous section. Input
information mainly refers to the number (single vs. multiple) and sort (grayscale,
color, RGB-D, etc.) of images that each method requires, but also considers other
sources of input information such as user assistance. Although some approaches fulﬁll
more than one criterion and could be included in more than one category, we classify
them according to their most relevant characteristics.

2.3.1

Classification of image derivatives

Several methods have attempted to extend the Retinex theory, introduced in Section
2.2, to analyze images representing a more realistic world. For example, Sinha and
Adelson, proposed in [141] the classiﬁcation of image edges in a 3D achromatic world
of painted polyhedra without object occlusions and cast shadows. In this theoretical
work, intensity junctions (i.e. intensity edge intersections) were locally analyzed
and classiﬁed as being caused by either shading or reﬂectance variations. A postprocessing step to verify the consistency of the 3D structure of polyhedra and the
illumination source direction was also proposed.
Other methods have used information from diﬀerent sources in order to achieve a
better classiﬁcation of image derivatives.

Multiple images
In an attempt to simplify the problem of derivative classiﬁcation, Weiss, in [158],
used multiple images as an input. These images shared the same reﬂectance under
diﬀerent illumination conditions. In this framework, shading edges were diﬀerent
throughout the images while reﬂectance variations were preserved. Derivative ﬁlters
were applied to the diﬀerent frames, and a median of these ﬁltered image outputs was
used to avoid luminance edges caused by shading variations and recover an intrinsic
reﬂectance image. An extension of this method was proposed by Matsushita et al. in
[118, 119], where a threshold was used to remove edges caused by texture patterns
from the illumination images. In this work, the authors also proposed to build an
illumination eigenspace which allowed real-time estimation of shading images in ﬁxed
scenarios, such as these provided by traﬃc cameras.
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Chromaticity edges
In a diﬀerent direction but still using the same fundamental principle of classifying
image derivatives, some other works have exploited color information. Funt et al., in
[57], adapted the Retinex theory to classify chromaticity derivatives instead of luminance edges. They claimed that in chromaticity images shading variations are canceled, while reﬂectance diﬀerences are preserved. Chromaticity edges have been used
in other works. For example, Olmos and Kingdom assumed in [122] that co-aligned
chromatic and luminance variations usually describe changes in surface reﬂectance
in natural scenes, whereas other luminance variations mainly arise from shading and
shadows. Finlayson et al. also combined chromatic and luminance derivatives in
[49] to detect and remove shadow edges and recover shadow-free images, which could
be further decomposed into their shading and reﬂectance components. Chromaticity
edges also played a fundamental role in [143], where Tan and Ikeuchi ﬁrst generated a
specular-free image by shifting the intensity and chromaticity of pixels while retaining
their hue. Then, reﬂectance derivatives were removed from this specular-free image,
and the resulting shading image was used to decompose the reﬂection components of
the input image into its diﬀuse and specular reﬂections. The diﬀuse component was
used to calculate the reﬂectance image.

2.3.2

Learning-based approaches

Instead of just classifying image derivatives using a simple threshold, some authors
have proposed approaches based on learning. For instance, Tappen et al. [146] trained
a classiﬁer using the AdaBoost algorithm [56] to recognize gray-scale intensity patterns. They combined this classiﬁer with information about chromatic edges in order to label image derivatives. Global spatial coherence for the edge labeling was
achieved in a last stage using a Markov random ﬁeld solved using the Generalized
Belief Propagation algorithm [161]. The same authors, in [145], used a training set
composed of images of real surfaces to build estimators that predicted local shading
and reﬂectance derivatives from image patches. Then, they learned a weighting function that weighted the diﬀerent local estimates in order to produce the best possible
global estimate. Bell and Freeman, in [27], used a training set of synthetic images
containing both shading and reﬂectance variations and learned a classiﬁer for steerable pyramid coeﬃcients [140]. These coeﬃcients represented the outputs of ﬁrst and
second derivative ﬁlters which had been applied to the luminance of the input image.
A ﬁnal propagation stage provided global coherence to the method. Recently, Tang
et al., in [144], combined deep belief networks [78] with the Lambertian reﬂectance
assumption in order to learn priors on the albedo from images and use this knowledge
to estimate the albedo and surface normals of similar images.

2.3.3

Energy functions optimization

Most of the works which have not focused on classifying image derivatives have formulated the decomposition problem as the optimization problem of an energy function.
In these works, the authors ﬁrst deﬁne a function encoding all the assumptions about

2.3. Intrinsic image decomposition techniques

27

the problem and then select an optimization technique able to converge to a global
minimum of the given energy function. So far, these optimization approaches have
proved to achieve satisfactory results, as detailed below.
In order to reduce the space of solutions, information from multiple sources has
been used in these optimization approaches.
Sparsity color cue
The use of a global sparsity color cue [123, 151], whose basic idea is that the reﬂectances of natural images can be described by a sparse and reduced set of color
values, has been recurrent in the deﬁnition of energy functions for intrinsic image
estimation. Shen and Yeo deﬁned in [138] an energy function that combined the
global reﬂectance sparsity constraint with a local Retinex cue on chromaticity edges,
which enforced neighboring pixel with similar chromaticities to share the same reﬂectance values. The energy function was optimized using least-squares minimization
[94]. Gehler et al. deﬁned, in [60], a probabilistic model where this global sparsity
prior on reﬂectance was combined with a color Retinex cue which extracted potential reﬂectance edges, and an intensity Retinex cue which enforced shading smoothness between neighboring image pixels. To optimize the energy function, which was
expressed as a latent variable random ﬁeld, the authors used a coordinate descent
algorithm [112]. Garces et al., in [59], divided the image into clusters of similar chromaticity using this global sparsity cue and used a linear system to enforce shading
smoothness on the boundaries between clusters. The authors used a Quasi-Minimal
Residual method [18] to solve the system. Bell et al., in [28], combined diﬀerent priors
from previous works, including Retinex cues on intensity and chromaticity edges and
the global sparsity cue in a conditional random ﬁeld and solved the inference problem
using the method presented in [100].
Although most energy optimization methods presented in this section are discriminative (i.e. they model the dependence of unobserved variables from observations), Chang et al., in [37], presented a Bayesian generative model based on the work
of Gehler et al.. This work overcomes many similar discriminative methods without including any Retinex-like term in their problem formulation. The authors used
Markov Chain Monte Carlo techniques [73] to solve their probabilistic non-parametric
approach.
Texture cues
Still using energy functions, some authors have also considered texture cues for solving the decomposition problem. For instance, Shen et al. [137] searched for pixels in
the image which shared similar local texture structures [106] in the chromaticity image and grouped these pixels together as having the same reﬂectance. These texture
constraints were combined with local color Retinex constraints. To optimize the energy function, the authors expressed it in a graph structure and used tree-reweighted
message passing [98]. This work was extended in [162], where Zhao et al. reformulated the problem as the minimization of a quadratic function and used the standard
conjugate gradient algorithm [77] to solve it. In a diﬀerent fashion, Jiang et al.,
in [90], separated images into frequency and orientation components using steerable
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ﬁlters [140] and constructed shading and reﬂectance images from weighted combinations of these components. These weights were determined by correlations between
corresponding variations in local luminance (i.e. mean of intensities), local amplitude
(i.e. variance of intensities), color, and texture, assuming that positive correlations
between luminance and color or texture usually indicate reﬂectance changes, while
correlated changes in mean luminance and luminance amplitude are probably due to
illumination variations.
User-assistance
In the work of Bousseau et al. [32], the users provided sparse strokes to mark parts of
the image that shared the same reﬂectance and parts where illumination did not vary.
Users were also expected to provide at least one ﬁxed illumination value to solve the
global scale ambiguity. The authors built a constrained least-square system and used
a multigrid solver [34] to optimize an energy function over local windows whose only
variable was the shading. This energy function combined the constraints provided by
the users with a global sparsity color cue [123]. The reﬂectance image was directly
recovered dividing the original image by the estimated shading image. User strokes
were used again in [136], where Shen et al. proposed an automatic optimization algorithm based on the assumption that neighboring image pixels with similar intensity
values share similar reﬂectance values. Information about user strokes was used to
constrain the minimization of the energy function, but the optimization technique the
authors used to minimize the energy function was not speciﬁed.
Shape cues
Recently, some energy optimization approaches have included additional outputs in
the formulation of the problem. In [20], Barron and Malik deﬁned a probabilistic
framework where shading, reﬂectance, shape and an illumination model were jointly
estimated from a single gray-scale image and its corresponding mask (i.e. binary image indicating which pixels in the image describe the object and which pixels describe
the background). They designed an energy function which contained multiple priors
on reﬂectance and shape. The priors on reﬂectance were based on the global sparsity
color cue and the local Retinex cue about reﬂectance edges. The priors on shape included a cue on ﬂatness enforcement to address the bas-relief ambiguity [26], another
one on occluding contours, which assumed input masked scenes representing single
objects with known orientation at boundaries, and ﬁnally one cue on the smooth variation of mean curvature. When the illumination was unknown, it was estimated from
a discrete set of spherical harmonic illuminants. This method was extended in [19] to
color input images and was called SIRFS (shape, illumination and reﬂectance from
shading). The priors on shape were kept while the priors on reﬂectance were adapted
to color images and a new cue on color-constancy, which enhances reﬂectances that
are close to white or that lie within the gamut of previously seen colors, was added.
The illumination was included as a prior, and they used a multivariate Gaussian
model which had been ﬁt to their training set of spherical harmonic illuminations.
The authors used a L-BFGS technique [36] to minimize their energy function.
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RGB-D images
The emergence of new devices such as Kinect cameras, which provide RGB-D images
(i.e. color images that include a depth map), has allowed multiple intrinsic decomposition methods to use this shape information as an input. Lee et al., in [105],
used multiple RGB-D images to estimate reﬂectance and shading intrinsic components. The authors deﬁned an energy function based on diﬀerent sets of constraints
and minimized it using a sparse linear solver [74]. They used reﬂectance constraints
based on the Retinex-like cue on chromaticity edges and the non-local texture constraints deﬁned in [137]. They also proposed shading constraints based on shading
smoothness not only between neighboring pixels, but also between pixels that share
the same surface normal direction. Temporal constraints were proposed as well to
reduce the eﬀects of noise, using the average color among the corresponding points in
the diﬀerent frames, and to determine intensity outliers in temporally distant frames
and avoid specularities. Barron and Malik, in [21], used a single RGB-D image to
solve a probabilistic framework based on their previous work [19]. The authors used
the depth input as an observation and removed their prior on occluding contours,
allowing the model to work for unmasked scenes. Chen and Koltun [38] proposed
a linear least squares formulation [94] of the problem where they estimated the reﬂectance component and further decomposed the shading component into a direct
irradiance component, an indirect irradiance component (i.e. interreﬂections), and a
color component (i.e. color of the illuminant). They deﬁned an energy function based
on chromaticity edges and their observations on irradiance. The authors stated that
direct irradiance varies slowly as a function of position and surface orientation while
indirect irradiance can have higher frequencies, and employed regularizers that model
these characteristics. Jeon et al., in [89], ﬁrst decomposed an input RGB-D image
into a texture layer, containing the texture patterns in the image, and a base layer,
where these texture patterns had been removed. Then, this base layer was further
decomposed into its reﬂectance and shading components, assuming Retinex-based
constraints and other local and global shading constraints based on surface normals.
The authors used a conjugate gradient method [77] to minimize the energy function.
In a diﬀerent direction, Vineet et al., in [155], jointly estimated intrinsic image components and semantic properties about objects and material attributes of the scene
using a high order conditional random ﬁeld. Their model used the method deﬁned
in [19] and the high-order potentials they proposed were based on the correlations
between the reﬂectance, objects, and attribute labels assigned to the pixels. In order
to optimize their energy function, the authors used approximate dual decomposition
[148].
Photo collections
The appearance of photo collections on the internet has also been used for intrinsic
image decomposition. Some methods have used this extra information to simplify the
optimization process of the energy function. In [102], Laﬀont et al. used multiple
input images of the same scene from internet photo collections in order to infer object geometry using patch-based multi-view stereo [58] and object reﬂectance based
on Weiss’ method [158]. The authors used a blockwise Gauss-Seidel solver [87] to
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optimize their sparse linear system. Further applications of their method, such as
relighting of scenes and color transfer, were also presented in this work.
Video
Video has been used as well for intrinsic image decomposition [105, 160, 99]. Although
the diﬀerent frames of a video can be seen as the multiple images used in previous
methods [102, 158], there is an important diﬀerence. Methods using video as an
input do not assume a rigid scene structure as it happens with photo collections [102].
Methods based on video do not assume either that the camera and the objects in the
scene are ﬁxed and the light changes, as in [158]. In a video the diﬀerent objects in the
scene can be moved independently. Lee et al., in [105], only used the video information
to include temporal constraints in their energy function, which reduced the eﬀects of
diﬀerent artifacts such as noise or specularities. Ye et al., in [160], deﬁned a Maximum
a Posteriori problem. The authors ﬁrst decomposed the ﬁrst frame of the video into
its shading and reﬂectance components. Then, reﬂectance values were propagated
on successive frames until a conﬁdence threshold on the number of unassigned pixels
stopped this propagation. Local decomposition was performed on the unassigned
pixels at the stopping frame and the new values were propagated backward in time.
Finally, a smoothness constraint was applied on the shading of the few remaining
unassigned pixels. Kong et al., in [99], also took advantage of video frames to jointly
estimate optical ﬂow and intrinsic albedo and shading components. Optical ﬂow
information was used to enhance temporal constancy for reﬂectance and temporal
smoothness for shading. The authors used a coarse-to-ﬁne pyramid-based approach
based on the Classic+NL ﬂow estimation method in [142] to minimize their energy
function.

2.3.4

Discussion

In this section we have provided a classiﬁcation of the methods based on their estimation technique (ﬁrst layer of the classiﬁcation) and their input information (second
layer of the classiﬁcation). The assumptions about the regularities in the scenes
explained in the previous section have also been used in this classiﬁcation. We have
observed that methods based on intrinsic image decomposition have evolved in parallel
with the development of both technology and optimization techniques. Initially, most
methods, based on the Retinex theory [103], focused on classifying image derivatives.
However, most current methods pose the decomposition problem as an optimization
problem. On the one hand, the appearance of powerful optimization techniques which
are able to minimize complex energy functions has allowed recent models to jointly
estimate multiple intrinsic components other than reﬂectance and shading. On the
other hand, the appearance of RGB-D cameras or big internet image collections has
provided extra input information which has proved to be very useful. In the next
section we will see how this evolution of the methods has surpassed the existing evaluation mechanisms.
The information presented in this section has been synthesized in Tables 2.3 and
2.2. Output information about the intrinsic components that each method estimates
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Table 2.3: Classiﬁcation of the methods based on their decomposition technique as well as their inputs. The outputs of the
methods have also been included in this table for the sake of completion. Other outputs: (1) Isolated shadow information. (2)
Specular component. (3) Isolated noise eﬀects. (4) Model of illumination. (5) Direct and indirect irradiance information. (6)
Object and attribute labels. (7) Texture component. (8) Optical Flow. * Grey-scale reﬂectance images. † Color shading images.

Work
Funt’92 [57]
Sinha’93 [141]
Bell’01 [27]
Weiss’01 [158]
Finalyson’04 [49]
Matsushita’04 [119]
Olmos’04 [122]
Tan’04 [143]
Tappen’05 [146]
Tappen’06 [145]
Bousseau’09 [32]
Jiang’10 [90]
JShen’11 [136]
LShen’11 [138]
Gehler’11 [60]
Barron’12a [20]
Barron’12b [19]
Garces’12 [59]
Lee’12 [105]
Serra’12 [133]
Laﬀont’12 [102]
Tang’12 [144]
Zhao’12 [137, 162]
Barron’13 [21]
Chen’13 [38]
Vineet’13 [155]
Chang’14 [37]
Jeon’14 [89]
Ye’14 [160]
Kong’14 [99]
Bell’14 [28]
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has also been included in the Table 2.3 for the sake of completion.

2.4

Intrinsic Image Evaluation

Being able to objectively evaluate and compare the performances of diﬀerent existing
methods on a given problem is essential in any engineering ﬁeld. However, early
works on intrinsic image decomposition could not provide quantitative results, since
no ground truth dataset existed and no metric was speciﬁcally deﬁned to evaluate the
accuracy of intrinsic images. In this section we describe the diﬀerent datasets and
metrics that have been used so far to evaluate intrinsic images.

2.4.1

Qualitative examples

The quantitative evaluation of methods for intrinsic image decomposition has so far
proved diﬃcult. Although some datasets exist, many authors still provide qualitative results to assess the performance of their methods, specially when they want to
demonstrate the beneﬁts of their approaches in a speciﬁc type of images. Therefore,
we ﬁnd it interesting to brieﬂy mention in this section some of the images and datasets
that have been used for qualitatively testing multiple intrinsic image decomposition
methods.
Weiss, in [158], presented a method which takes a set of images of a single scene
under diﬀerent lighting conditions as its input. The author provided qualitative results
for webcam images and images from the Yale Face database B [61], which contains
thousands of facial images of 28 subjects taken under diﬀerent poses and illumination
conditions and has also been used in [144]. In a similar fashion, Matsushita et al., in
[118, 119], used real sequences of road traﬃc images.
Some authors have provided qualitative results for complex images representing
diverse natural scenes [122, 146, 32]. In [90], Jiang et al. presented results for a
subset of images from their own dataset, the Birmingham Object Lighting Database,
which contains stereoscopic image pairs of objects, surfaces, faces and outdoor scenes
photographed with high resolution under well speciﬁed lighting conditions. Other
methods dealing with speciﬁc eﬀects, such as cast-shadows [49], specularities [143] or
textures [137], used their own test images for visual evaluation (see some examples in
Figure 2.2).
Internet photo collections, such as Flickr, have also been an important source
of images for visually testing intrinsic image methods [137, 32, 59, 102]. Shen et
al., in [137], used images containing textures, while Laﬀont et al., in [102], looked
for multiple pictures of diﬀerent famous landmarks. Bousseau et al. [32] provided
qualitative examples on many diﬀerent and diverse scenes, some of which were used
in further works [138, 59, 133].
The appearance of new methods which use RGB-D images as inputs and estimate
other intrinsic scene components in addition to shading and reﬂectance, forced recent
methods to use more complex datasets for testing. The NYU Depth dataset [139]
contains video sequences of 464 diﬀerent indoor scenes recorded by both the RGB and
depth cameras from the Kinect, and 1449 densely labeled pairs of aligned RGB and
depth images. Although it was not speciﬁcally designed for intrinsic image evaluation,
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(b)

(c)

Figure 2.2: Input images for diﬀerent methods. (a) Image containing cast shadows
[49]. (b) Image with specularities [143]. (c) Highly textured images [137].

it provides useful intrinsic information for the decomposition problem, such as depth
maps, and has been used for qualitative evaluation in diﬀerent works [21, 155, 38, 89].

2.4.2

Datasets

In order to evaluate intrinsic image estimates, we need ground truth data for the
diﬀerent intrinsic components. Obtaining these ground truth data is a challenging
problem, since isolating intrinsic components of natural scenes is not easy. In this
section we discuss the diﬀerent datasets that have been used to test the existing
methods.
Early ideas
The ﬁrst idea of a ground truth image for intrinsic image evaluation is found in [27],
where Bell and Freeman showed two images of a white wall: one of the wall with
a graﬃti, and another after the wall was repainted white (Figure 2.3). Assuming
that no reﬂectance variations occur in this second image, it can be thought of as an
intrinsic shading image of the scene.
Tappen et al., in [145], provided the ﬁrst quantitative evaluation and the ﬁrst
ground truth dataset for the intrinsic image decomposition problem. The dataset
consists of 46 images of wrinkled papers which have been colored with a green Crayola
marker. The authors used the green channel of the images, where these markings are
not visible, as ground truth shading. The reﬂectance images were obtained by means
of a simple point-wise division. An example of the Crayola dataset is shown in ﬁgure
2.4. The main problem of this dataset is that all its images are very similar, making
it diﬃcult to determine if a method which performs well with this dataset will also
achieve good results with any other sort of images.
The MIT dataset
The release of the MIT dataset for intrinsic image evaluation [71] was an important
step towards the comparison of the diﬀerent existing algorithms. The authors built
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(a)

(b)

Figure 2.3: Graﬃti image from [27]. (a) Graﬃti painted on a wall. (b) Graﬃti covered
with white paint.

(a)

(b)

(c)

Figure 2.4: Sample image from the Crayola database [145]. (a) Original image: wrinkled paper colored with a Crayola marker. (b) Shading image: the Crayola marker is
invisible in the Green channel of the image. (c) Reﬂectance image: result of dividing
the original image by the shading image.

a dataset containing images of 16 toy-like objects (although 4 extra objects can be
found in their website). The objects in the dataset are shown in Figure 2.5. For each
object the following data are supplied: the original image, a diﬀuse image obtained
using a polarizing ﬁlter, a binary mask of the object, a shading image which results
from painting the object white, a reﬂectance image, and a specular image which is the
result of subtracting the diﬀuse image from the original. The authors also provided
the original images under multiple illumination settings. These images are necessary
for methods which require multiple input images such as [158, 119].
Building such a dataset was challenging. In order to avoid complex and undesired
eﬀects such as interreﬂections, highlights and transparencies, the shapes of the objects are essentially convex, and their materials are mostly diﬀuse (the few remaining
specularities were removed with a polarizing ﬁlter). Moreover, the method used for
capturing the shading images of an object consisted in carefully removing the object,
painting it white and replacing it at the exact same place. This method is costly in
time and hardly applicable to natural scenes, which explains the reduced number and
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(a)

(b)

Figure 2.5: Images in the MIT dataset [71]. (a) The 16 original objects that composed
the dataset. (b) The 4 extra objects that can be found on the authors’ website.

the small variety of objects found in the MIT dataset.
Nonetheless, the MIT dataset [71] was the ﬁrst satisfactory proposal of a ground
truth dataset for intrinsic image evaluation. Since its release, most authors working
on estimating reﬂectance and shading images have used this dataset to test their
methods and compare them with other approaches. Some methods have been tested
on the 16-object version of the dataset (MIT-16) [60, 133, 162], while others have
used the extended 20-objects version (MIT-20) [90, 136, 133, 20, 28]. Shen and Yeo,
in [138], only provided results for 13 objects of the MIT dataset.
Barron and Malik presented an extension of the MIT dataset in [20]. In this extended dataset, photometric stereo was used to estimate the depth and the spherical
harmonic illumination of each of the objects in the original MIT dataset [71]. The
authors further extended the dataset in [19] by applying to the objects diﬀerent illumination models from the sIBL Archive ‡ . An example of the extended dataset is
shown in Figure 2.6.
Synthetic datasets
Building synthetic datasets considerably simpliﬁes the process of acquiring ground
truth data for diﬀerent intrinsic scene components such as reﬂectance, shading, shape
or the color and position of the illuminant. Although rendering engines use approximate reﬂection models, they are able to reproduce complex scenes which are diﬃcult
to diﬀerentiate from actual real scenes.
Bousseau et al., in [32], provided the ﬁrst synthetically rendered scene for intrinsic
image evaluation (see Figure 2.7). This image was also used in posterior works [136,
138].
The MPI-Sintel dataset [35] is a new optical ﬂow dataset where 35 sequences
displaying diﬀerent environments, characters/objects, and actions were extracted from
a 3D animated short ﬁlm. It was not speciﬁcally designed for the purpose of intrinsic
‡ http://www.hdrlabs.com/sibl/archive.html
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(a)

(b)

Figure 2.6: Barron and Malik extended the MIT dataset [71]. Example of extensions
provided for the sun object. (a) Estimating shape and illuminant information [20].
(b) Adding complex illumination models [19].

image evaluation, but it provides multiple useful groundtruth information which has
already been used for quantitative evaluation in some works [38, 160]. Figure 2.8
shows an example of the ground truth information that can be found in this dataset.

Crowdsourced datasets
Bell et al., in [28], built a large dataset for intrinsic image decomposition using internet
real-world photos of indoor scenes and crowdsourced annotations about the relative
reﬂectance of pairs of pixels in each image. Their dataset contains over 5000 images
with an average of 100 human judgements per image, and a set of about 400 densely
annotated images (around 900 human annotations per image). The authors argued
that humans are not good at making absolute judgements. Accordingly, they asked
the observers which of the two points had a darker surface color and allowed three
possible answers (“the ﬁrst”, “the second” and “both”). Subjects were also asked
about the conﬁdence of their answers, and this information was used to deﬁne weights
for each judgement. Noisy images were removed, as well as greyscale photographs and
images with exaggerated camera eﬀects. The skills of the subjects who performed the
annotations were also tested using “sentinel” objects for which the real answer was
known, allowing the authors to discard the answers of annotators who misunderstood
the task or did not do it correctly.
The main advantage of this dataset is that it contains a large number of natural
images, making it possible to evaluate the methods for a big range of diﬀerent scenes.
However, this dataset does not include ground truth intrinsic images such as they
were deﬁned in [23], but just a set of sparse annotations about the reﬂectance of the
images based on imperfect human judgement.
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(b)

(c)

Figure 2.7: Synthetic image of a doll in [32]. (a) Original image. (b) Shading image.
(c) Reﬂectance image.

(a)

(b)

(c)

(d)

Figure 2.8: Example of MPI-Sintel dataset groundtruth [35]. (a) Original image. (b)
Normal map. (c) Shading image. (d) Reﬂectance image.

2.4.3

Metrics

Even when ground truth information is available, methods on intrinsic image decomposition need a standardized way to measure how close their intrinsic image estimates
are with respect to the ground truth data. Therefore, it is necessary to deﬁne similarity measures in order to quantitatively evaluate and compare the diﬀerent intrinsic
image approaches.
The ﬁrst quantitative evaluation of intrinsic images can be found in [145], where
Tappen et al. used the mean squared error (MSE) between the estimated and the
ground-truth shading images,
MSE(I1 , I2 ) =

1
argminα ∥I1 − αI2 ∥22 ,
|I1 |

(2.4)

where I1 and I2 are the images to be compared, α provides intensity-invariance to the
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metric and |I1 | is the number of pixels in the image I1 and is used as a normalization
value (the size of both images is assumed to be the same). This error measure has also
been used in further works [90, 133, 38, 20, 19, 21]. The main problem of MSE for
the evaluation of edge classiﬁcation approaches is that it is a global metric (i.e. takes
into account the whole image). In this same direction, Grosse et al. also suggested
in [71] that the MSE metric is too strict and that misclassifying a single edge in a
little part of the image can lead to big MSE scores. For instance, in Figure 2.9 we
have represented a plausible scenario where we are given an image containing a single
color and an intensity gradient caused by illumination. We use a Retinex-like method
which wrongly classiﬁes an intensity edge as a reﬂectance change in the center of the
image. Although the method has just misclassiﬁed a line of pixels, the MSE metric
considers that at least half of the pixels in the computed image are wrong, because it
computes the error in the whole image.

(a)

(b)

(c)

(d)

(e)

Figure 2.9: Example to illustrate the behaviour of diﬀerent error metrics, given an
original image (a), its ground truth reﬂectance (b) and shading (c) and the computed
estimates for reﬂectance (d) and shading (e) using a Retinex-like method which misclassiﬁes an image derivative.
Grosse et al., in [71], proposed a new metric for intrinsic image evaluation called
the local mean square error (LMSE). This error measure is deﬁned as the average of
the MSE calculated on overlapping image patches,
∑
LMSE(I1 , I2 ) =

w

argminα ∥I1w − αI2w ∥22
∑
,
w 2
w ∥I1 ∥2

(2.5)

where w represents an image window.
The problem of the misclassiﬁed edge resulting in a big MSE score illustrated in
Figure 2.9 is avoided with the LMSE metric, since only the windows including a part
of the misclassiﬁed edge accumulate some error, which is later averaged by the total
number of windows. Notice that any other window which does not include the wrong
reﬂectance edge will perfectly match its GT counterpart, since both windows only
diﬀer by an intensity scalar value and the MSE metric is scale-invariant.
The LMSE metric has been widely used for method evaluation in the intrinsic
image literature [90, 136, 138, 60, 20, 19, 133, 59, 102, 21, 38]. However, its suitability
for intrinsic image evaluation has also been discussed by some authors [90, 60, 133].
In [90], Jiang et al. argued that the LMSE is biased towards the mean values of
the compared images and proposed the absolute local mean square error (aLMSE),
where the mean values of both images in the patch are subtracted to supply the LMSE
with insensitivity to variations in mean intensity,
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∑
aLMSE(I1 , I2 ) =

w

w
w 2
argminα ∥(I1w − µw
1 ) − α(I2 − µ2 )∥2
∑
.
w
w
2
w ∥(I1 − µ1 )∥2

(2.6)

The authors also proposed a correlation-based metric to measure similarity. This
metric can either be applied globally to the images,
Corr(I1 , I2 ) =

E[(I1 − µ1 )(I2 − µ2 )]
,
σ1 σ2

(2.7)

or calculated in local windows of the image and averaged,
LCorr(I1 , I2 ) =

w
w
1 ∑ E[(I1w − µw
1 )(I2 − µ2 )]
,
|W |
σ1w σ2w

(2.8)

w∈W

where |W | is the number of windows. Correlation and the aLMSE metric are also
used in other works [136, 133]. Serra et al., in [133], suggested that the LMSE
metric beneﬁts Retinex-like approaches but may prejudice other energy optimization
methods which do not classify image derivatives.
Gehler et al., in [60], claimed that the LMSE is not robust to outliers, and proposed
to use the average rank of the algorithm to evaluate the methods. This measure
consists in ranking the results of the diﬀerent methods for each of the images in the
dataset, and then averaging the rankings of each method.
In a diﬀerent direction, Chen and Koltun, in [38], deﬁned the structural dissimilarity index (DSSIM), which is a variant of the perceptually based structural similarity
index (SSIM) proposed in [157],
SSIM(I1 , I2 ) =

(2µ1 µ2 + Ca )(2σ12 + Cb )
,
(µ21 + µ22 + Ca )(σ12 + σ22 + Cb )

(2.9)

where µi is the mean intensity of image Ii and σi2 is its variance. The term σij
indicates the covariance between images Ii and Ij , and the scalar values Ca and Cb
provide stability to the system. If these values were set to 0, the SSIM would produce
unstable results when either µ21 + µ22 or σ12 + σ 2 were very close to zero. The main
idea underlying this metric is that human beings are good at isolating features that
provide structural information of the scene. Given two images, the SSIM combines
diﬀerent comparisons about their luminance, contrast and structure.
The Mean SSIM is deﬁned as an averaged sum of SSIM applied to local windows
on the images,
1 ∑
MSSIM(I1 , I2 ) =
SSIM(I1w , I2w ),
(2.10)
|W |
w∈W

and the DSSIM is deﬁned to transform this similarity measure into a dissimilarity
measure, in the same line as for the MSE or the LMSE,
1 − MSSIM(I1 , I2 )
.
(2.11)
2
However, it has already been questioned whether the SSIM is better at reproducing
human perception than the MSE. In fact, Dosselmann and Yang [43] demonstrated
that SSIM is closely related to the MSE.
DSSIM(I1 , I2 ) =
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Another metric based on human perceptual judgement, the weighted human disagreement rate (WHDR), was introduced recently in [28]. Bell et al. deﬁned the
WHDR as
∑|J|
WHDRδ (J, R) =

i=1

wi · (Ji ̸= Jbi,δ (R))
,
∑|J|
i=1 wi

(2.12)

where R is the output reﬂectance and wi and Ji are the conﬁdence weights and given
judgements, respectively, obtained from human observations. Human judgements Ji
can be equal to 1 when the darkest point has a lighter surface reﬂectance, equal to 2
when the darkest point has a darker surface reﬂectance, or equal to E when both points
have equal reﬂectance intensities. Jbi,δ is the judgement predicted by the algorithm
being evaluated. In order to transform algorithm reﬂectances into judgements, the
authors threshold diﬀerences between the points used in the human judgement in R:

R2,i

 1 : R1,i > 1 + δ
R
Jbi,δ (R) =
(2.13)
2 : R1,i
>1+δ
2,i


E
: otherwise
where Rj,i is the reﬂectance sampled at point j for judgement i.
The main drawback of this measure is that it only evaluates an image using a
sparse set of pairs of pixels for which human judgements exist. However, it is not
clear if this sparse set of pixels is representative of the performance of the algorithm
on the whole image. Moreover, the WHDR only evaluates relative information about
the reﬂectance of these pairs of pixels, but does not evaluate the global coherence of
the image. This means that we could always ﬁnd a reﬂectance estimate where the
reﬂectance values are not coherent with the actual scene, but the selected reﬂectance
ratios coincide with those of the human judgements.
In order to evaluate and compare intrinsic components other than shading and
reﬂectance, other similarity measures have been used. For instance, Barron and Malik,
in [20, 19], evaluated the estimated shape output of their method with the mean
absolute error (MAE),
MAE(I1 , I2 ) =

1
argminα ∥I1 − (I2 + α)∥1 ,
|I1 |

(2.14)

where α provides shift-invariance. The MAE metric is a global metric very similar
to the MSE metric. Therefore, the advantages and disadvantages of both essentially
coincide.

2.4.4

Discussion

The evaluation of intrinsic images has proved challenging so far. In the ﬁeld of intrinsic
images, we need standard similarity measures which overcome the problems of the existing metrics. Moreover, large datasets containing complex scenes and ground truth
data for multiple intrinsic images are necessary. In this direction, a crowdsourced
dataset [28] has been proposed recently.
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Additionally, in Chapter 5 we present two new datasets. One of them includes
ground truth information about the illuminant of the scene and the camera sensors.
These two factors inﬂuence the image values during the acquisition process, but have
usually been ignored in the ﬁeld of intrinsic image decomposition. The other dataset
[24] uses synthetic data in order to build a dataset containing complex scenes under
multiple illumination conditions.
Table 2.4 summarizes how the existing methods in intrinsic image decomposition
have used the evaluation mechanisms described in this section. Finally, Table 2.5
summarizes diﬀerent aspects of the existing datasets such as the nature of their data
or the type of ground truth information they provide.

2.5

Conclusion and Perspectives

Intrinsic image methods have originally focused on the decomposition of a single image
into its reﬂectance and shading components, putting emphasis on the assumptions
they make about regularities of the scenes and the image formation process in order
to constrain the problem. Recently, the improvement of optimization methods and the
development of technology have made intrinsic image decomposition evolve towards
the inclusion of extra input information and the joint estimation of other intrinsic
features of the scene. Therefore, in the last few years, the gap between the original
intrinsic image decomposition problem and other problems in computer vision which
also use intrinsic information such as color constancy [63], shape from shading [45],
highlight removal [13], etc. has been notably reduced.
The emergence of new methods that include extra input information and jointly
estimate diverse intrinsic components makes it necessary to build larger datasets including ground truth data of many diﬀerent intrinsic components of a scene. However,
as we have seen in Section 2.4, it is a tough problem given the actual complexity of
building datasets for intrinsic image evaluation consisting of natural scenes. Crowdsourced datasets could be an alternative for building huge datasets of natural images.
Actually, the only dataset of this kind [28] only checks a sparse set of pixels of the
computed reﬂectance images using human perception. It is still unclear if such a
dataset can be adjusted to accurately evaluate multiple intrinsic factors. In a diﬀerent direction, synthetic image datasets [35] provide realistic representations of the real
world and have been successfully used in other problems [116, 150]. In the computer
graphics software used to render synthetic images, ground truth information can be
easily isolated and modiﬁed, allowing the creation of multiple diﬀerent images from
a single scene. Accordingly, synthetic datasets may play a key role in the future of
intrinsic image evaluation.
Another diﬃculty in the ﬁeld of intrinsic images is the deﬁnition of an accurate
similarity measure. Although many diﬀerent metrics exist in the literature of intrinsic
image decomposition, as we have seen in Section 2.4, all of them present multiple
disadvantages. The most used similarity measure so far has been the LMSE metric
[71], but it has also been hardly questioned [90, 60, 133]. Recent similarity measures
[38, 28] are based on human perception. However, one of these metrics has been also
questioned [43] for its inaccurate representation of human perception, and the other
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one uses a big amount of human observations, which makes it impractical. Finding a
standard similarity measure to evaluate intrinsic images is one of the most important
needs in this ﬁeld.
The future of intrinsic image decomposition includes the joint estimation of multiple intrinsic components (such as the shape, the color and direction of the illuminant
[21] or the response of the camera sensors [134]) and other useful information (like semantic segmentation [155], optical ﬂow [99] or scene structure from multi-view stereo
[102]). Although adding new terms to the basic formulation of the problem may seem
to add complexity to the problem, these terms are in fact highly dependent on each
other. These dependencies and the diﬀerent assumptions we make on each intrinsic
component help us constrain the space of possible solutions. Furthermore, the use
of advanced inference techniques such as high-order markov random ﬁelds [155] and
deep learning methods [144] have proved to be useful in order to successfully estimate
multiple intrinsic components.
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Work
Funt’92 [57]
Sinha’93 [141]
Bell’01 [27]
Weiss’01 [158]
Finalyson’04 [49]
Matsushita’04 [119]
Olmos’04 [122]
Tan’04 [143]
Tappen’05 [146]
Tappen’06 [145]
Bousseau’09 [32]
Jiang’10 [90]
JShen’11 [136]
LShen’11 [138]
Gehler’11 [60]
Barron’12a [20]
Barron’12b [19]
Garces’12 [59]
Lee’12 [105]
Serra’12 [133]
checkmark
Laﬀont’12 [102]
Tang’12 [144]
Zhao’12 [137, 162]
Barron’13 [21]
Chen’13 [38]
Vineet’13 [155]
Chang’14 [37]
Jeon’14 [89]
Ye’14 [160]
Kong’14 [99]
Bell’14 [28]
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Quantitative
Results

Datasets

Metrics

(1)
(2)

X
X
X
X
X
X
X

(5,6)
X
X
X
X
X
X
X

(3)
(10)
(4,6)
(6)
(5)*
(5)
(7)
(7)
(6,10)

(a,b,c,d)
(10)
(2)
(10)
(7,8)
(8,9)
(8)
(5,6)
(8)
(9)
(6,11)

(a)
(b,c,d,e)
(a,b,c)
(b)
(b,f)
(a,b,h)
(a,b,h)

(b)

(a,b,h)
(a,b,g)
(a,b)
(b)
(b)
(b,i,f)

Table 2.4: Classiﬁcation of the methods based on the evaluation tools that the authors
have used. Databases: (1) Psychophysics [55].(2) Yale Face [61]. (3) Crayola [145].
(4) BOLD [90]. (5) MIT - 16 objects [71]. (6) MIT - 20 objects [71]. (7) extended
MIT [20]. (8) NYU Depth [139]. (9) MPI-Sintel [35]. (10) images from Flickr. (11)
Intrinsic Images in the Wild [28]. Metrics: (a) MSE (Eq. 2.4). (b) LMSE (Eq. 2.5).
(c) aLMSE (Eq. 2.6). (d) Corr (Eq. 2.7). (e) LCorr (Eq. 2.8). (f) Average Rank.
(g) DSSIM (Eq. 2.11). (h) MAE (Eq. 2.14). (i) WHDR (Eq. 2.12). * Only results
for 13 objects are provided.
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Dataset
Crayola [145]
MIT [71]
extended MIT [20]
MPI-Sintel [35]
Bell et al. [28]

Acquisition
Data
Objects
Laboratory
46
Laboratory
20
Synthetic
20
Synthetic
35*
Natural
5000

Shad. & Reﬂ.
X
X
X
X
X

X
X

X

Ground Truth
Specularities Depth Illuminant
X
X

Sensors

Table 2.5: Comparison of the existing datasets for intrinsic image evaluation. * Sequences with diﬀerent numbers of frames (50
on average).

Chapter 3
Shades and Names of Color for
Intrinsic Image Estimation
In this chapter we propose a method for intrinsic image estimation that aims to
overcome the shortcomings of pure edge-based methods by introducing strong surface
descriptors such as a color-name descriptor, which introduces high-level considerations
resembling top-down intervention. We also use a second surface descriptor, termed
color-shade, which allows us to include physical considerations derived from a model
of image formation that captures gradual color surface variations. Both color cues are
combined by means of a Markov Random Field. Figure 3.1 shows how our method
performs with a natural image which has been previously used in other works [32, 138].
Original image

Reﬂectance

Shading

Figure 3.1: Shading and reﬂectance images recovered with our method.
We focus on the decomposition of an image into its reﬂectance and shading components. As we have previously seen in Chapter 1, recovering these two characteristics
from a single image I amounts to estimate a reﬂectance image, IRef l , and a shading
45
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image, IShad , such that
I(x, y) = IShad (x, y) · IRef l (x, y).

(3.1)

As it has already explained in the previous chapters, this problem is clearly ill-posed
because the number of unknowns is higher than the number of equations.
This chapter is organized as follows. The motivation underlying the proposed
method of intrinsic image decomposition is introduced in Section 3.1. Section 3.2
describes the color cues used to recover reﬂectance and shading images as explained
in Sections 3.3 and 3.4. Finally, concluding remarks are given in Section 3.6.

3.1

Motivation

From the analysis, in Chapter 2, of previous approaches on intrinsic image decomposition we draw the following conclusions:
• The exclusive use of edges to recover surface reﬂectance is not suﬃcient since a
small missclassiﬁed edge could provoke an error over a wide area. Therefore, we
argue that surface attributes such as color and texture could be essential cues
to improve edge-based proposals.
• Results from methods that include user interaction suggest that top-down intervention yields a clear advantage for dealing with the ill-posed nature of reﬂectance recovery. Hence, we argue for the need of high-level attributes to
describe image content.
• Moreover, few eﬀorts have been made to exploit the information derived from
the assumption that image formation obeys a speciﬁc physical model. Intrinsic
image algorithms could beneﬁt from these models since they account for changes
in image appearance due to the geometry and illumination of the scene.
In view of these considerations, we propose the introduction of color surface attributes based on color names instead of an edge-based analysis. These attributes
provide high-level information resembling top-down intervention in the reﬂectance recovery. Afterwards, we add a second descriptor, termed color-shade, that allows us
to take into account physical considerations on color surface variations due to the geometry and lighting of a scene. This descriptor, which assumes Shafer’s dichromatic
reﬂection model for image formation [135], is introduced to address the lack of stability of the color-name descriptor in the presence of strong variations in the geometry or
illumination of a scene. Color-name and color-shade descriptions are ﬁnally combined
by means of a Markov Random Field.

3.2

Our approach

In this section we ﬁrst introduce the color-name and color-shade descriptors. We then
outline the conditional inference approach that we adopt to combine these color cues.
This conditional inference will be further detailed in Section 3.3.

3.2. Our approach

3.2.1
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Color-name descriptor

Color-name descriptors associate the linguistic terms humans use for describing objects to colors in an image. Basic color names were ﬁrst deﬁned by Berlin and Kay
[31]. They were deduced from a large anthropological study based on speakers of 20
diﬀerent languages and speciﬁc documentation from 78 other languages. The authors
concluded that the universal basic color terms deﬁned in most evolved cultures∗ are
11. Subsequent psychophysical experiments have generated data that allow these
basic names to be accurately speciﬁed [29] and computationally implemented [30].
Accordingly, color-naming models provide perceptually-based quantizations of the
RGB color space, which present a higher discrimination power with respect to usual
chromaticities, as proven for classiﬁcation tasks [70].
We use the color-naming model proposed by Benavente et al. [30], where a color
name category is modeled as a fuzzy set with a membership function that, given a
color sample, assigns a value between 0 and 1 to represent the color-name membership.
The model uses the set of names proposed by Berlin and Kay [31], namely N = {
black, white, red, green, yellow, blue, brown, purple, orange, pink, grey}. Since the
model forces the sum of all memberships to be 1 for any pixel, the membership
values can be considered as probabilities. The color-name descriptor of a pixel pi ,
denoted N D(pi ), is a 11-dimensional real-valued vector whose components are the
probabilities of labeling the given pixel with each one of the color names in N . More
explicitly,
N D(pi )j = Prob(Nj |pi ), ∀j = 1, ..., 11,
(3.2)
where Nj is the j-th color name in the set of basic color names N . Figure 3.2(a) shows
the volumes of the RGB space where each of the 11 color names have probability 1.
The color-name descriptor has two interesting properties. First, it is relatively
invariant to small photometric changes since wide areas of a single reﬂectance surface
assume the same label and small changes in shading only cause gradual changes in the
descriptor. Next, it provides a sparse representation of color since very few coordinates
of the 11-dimensional vectors are non-zero at the same time (usually up to three).
Since this descriptor yields the labels of a conditional inference labeling problem
(see Section 3.3), we only allow three coordinates to be non-zero and we further
discretize the probability vector by quantizing the coordinates to {0, 0.25, 0.5, 0.75, 1}
while keeping the constraint that they sum to 1. This means that a color can be
described with a maximum of three names (for instance, greyish blue-green), which
is a perceptually consistent constraint since in the model very few colors are in the
boundary of four color names [30]. With such restrictions a total of 671 labels are
theoretically possible (see Appendix A). However, the majority of these labels are
never found in practice because in the color space no color border is shared by more
than 3 or 4 colors. Therefore, many labels deﬁning unfeasible combinations of colors,
such as bluish yellow-purple for example, are never used. In the end, only 250 diﬀerent
labels are actually used. Thus, just considering labels with up to three positive
coordinates is enough to accurately describe the whole RGB space. In the next
sections we prove that this set of labels is a reliable sparse representation of color to
∗ The authors state that “there appears to be a positive correlation between general cultural
complexity (and/or level of technological development) and complexity of color vocabulary.”
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recover reﬂectance. In Figure 3.2(b) we show an example of the color-name labels
assigned to an image.

(a)

(b)

Figure 3.2: Color-name descriptor. (a) Plotted volumes represent those values in the
RGB color space with probability equal to 1 of being one of the 11 universal colors
according to [30]. The space between the volumes corresponds to vectors for which at
least two coordinates are positive. (b) Image labeled with the color-name descriptor.

3.2.2

Color-shade descriptor

The color-shade descriptor is based on the method of Vazquez et al. [151], where
the authors propose to describe scene reﬂectances using a ridge analysis of the color
distributions (RAD). Vazquez et al. deﬁne a ridge as a set of points connecting the
local maxima of a color distribution in the RGB histogram space. In Figure 3.3(b),
we show a 3D representation of the color distribution of the image in 3.3(a). The
corresponding ridges (connected maxima) detected by the RAD method on the 4D
color histogram distribution are shown in Figure 3.3(c), where we can see four ridges
corresponding to the blue, red, orange and white parts of the image. By looking
at the ridges, we can see how smooth variations of shade are represented for each
color. For example, the white ridge spans colors from the lightest white to the darker
gray present in the shadowed part of the object. In the ideal case, the RAD method
provides a single ridge for each reﬂectance surface of the image.
The physical model underlying the RAD method is the dichromatic reﬂection
model described by Shafer in [135]. In this model, all the color variations of a surface,
including shading eﬀects and highlights, span a 2D plane in the RGB space which is
deﬁned by two vectors: one in the direction of the surface’s albedo, and the other
in the direction of the illuminant. Hence, the dichromatic model, and, therefore, the
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RAD method, provide a compact representation of all the variation that a single-color
surface can present due to illumination changes and the geometry of the scene.
Given an image, the RAD method returns a set of ridges R = {R1 , ..., Rn }. From
this set of ridges, we deﬁne the color-shade descriptor of an image pixel pi as
SD(pi ) = argminRj ∈R (dist(pi , Rj )),

(3.3)

where dist(pi , Rj ) represents the Euclidean distance between the RGB value pi and
the nearest point of the ridge Rj .
Thus, ridges provide useful information for enhancing the color-name representation and allow us to deal with the variations of color names in the presence of strong
illumination eﬀects, i.e. shading and highlights. For example, two pixels belonging to
the same reﬂectance object but with very diﬀerent RGB values, e.g. one in a shadowed
part of the object, the other in a brighter part, are connected by their nearest ridge.
Following this approach, one can consistently name pixels within a single reﬂectance
area allowing for shading changes.

100
100
50

0
0

50
20

40

60

(a)

80

100

120

0

(b)

100
100
50

0
0

50
20

40

60

80

100

120

0

(c)

Figure 3.3: Color-shade descriptor. An image from the MIT dataset (a), its color
distribution (b), and the ridges detected by the RAD method (c).

3.2.3

Method outline

Our algorithm is based on the assumption that the reﬂectance of a single material can
be described by a unique color name provided by the descriptor introduced in Section
3.2.1. Spatial coherence for this descriptor is then achieved by propagating evidence
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through a MRF. The color-name descriptor provides an accurate color edge localization, where relevant color edges are perfectly located by changes in color names,
as well as a meaningful surface interpretation based on standard prior knowledge
compiled from psychophysical data.
However, when strong shading variations occur, irrelevant edges can appear within
a surface with uniform reﬂectance, causing an undesirable over-segmentation. To deal
with this problem, we break the homogeneity of our MRF in order to incorporate the
physical information that the color-shade descriptor provides. This step stems from
the assumption that changes in shading within an area of uniform reﬂectance yield to
connected distributions of points in the RGB histogram and prevents eﬃciently the
excessive segmentation of color names in shaded and near highlight areas.
In a ﬁnal stage, once information from names and shades has been propagated,
we modify the reﬂectance description provided by the MRF to match the intensities
of the recovered reﬂectance to those of the original image. A scheme of the method
is given in Figure 3.4.
Name Descriptor
(ND)

yi
MRF

Image
Shade Descriptor
(SD)

xi

Global
Coherence

Reflectance
Estimate

Shading
Estimate

{R1,...,Rn}

Figure 3.4: Block diagram of our method for intrinsic image estimation.

3.3

Reflectance recovery using MRF inference

In this section we present how our method uses MRF inference to estimate an intrinsic
reﬂectance image combining the two color cues presented in the previous section.
Let G = (V, E) be the graph that represents the input color image, where the set
of vertices V correspond to random variables xi associated to the set of pixels of the
image (one node for each pixel), and E is the set of undirected edges representing
relationships between pairs of adjacent pixels (using a 4-neighborhood system). The
set of maximal cliques Cl is formed by the edges of the graph {xi , xj }, where i and j
are adjacent pixels, and the cliques of the form {xi , yi }, for each pixel i ∈ V, where
yi stands for the observation at pixel i.
Both random variables xi and observations yi are reﬂectance values as expressed
by the color-name descriptor outlined in the previous section. Accordingly, the set of
labels L is a set of 11-dimensional vectors.
The energy function of our MRF is
∑
∑
E(x) = µ
D(xi , yi ) + (1 − µ)
V (xi , xj ),
(3.4)
i∈V

{i,j}∈E

where D(xi , yi ) is the singleton potential deﬁned on each pixel, xi , and V (xi , xj ) is
the pairwise potential deﬁned on a pair of neighboring pixels. The contribution of
both terms in the global energy is weighted using a parameter µ ∈ [0, 1].
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The α-expansion graph cut algorithm [14] presented in [33] is used to ﬁnd the
labeling x̂ that minimizes the energy term expressed by Equation 3.4.

3.3.1

Singleton potential: color name

The singleton potential D(xi , yi ) measures to which extent the labeling x ﬁts the
observed data {yi }i∈V . In practice, this potential can be interpreted as the cost of
assigning xi a label diﬀerent from the label of observation yi .
For computing the singleton potential, we chose the L1 distance in the Euclidean
space of 11-dimensional probability vectors:
D(xi , yi ) = ∥xi − yi ∥1 , ∀i ∈ V.

(3.5)

We also tried to use other distances, but they did not lead to signiﬁcant improvements.

3.3.2

Pairwise potential: color shade

In classic MRFs, the pairwise potentials V (xi , xj ) measure the smoothness of the
labeling x and can be interpreted as the cost of assigning diﬀerent labels to neighboring
pixels. Our ﬁst idea is to deﬁne these potentials using the Euclidean distance,
V (xi , xj ) = ∥xi − xj ∥1 , ∀(i, j) ∈ E.

(3.6)

However, in the pairwise potential of our MRF, we also include information from
the color-shade descriptor by weighting the value of the distance between each pair
of neighboring pixels. The main idea underlying this formulation is that pairs of
pixels belonging to the same ridge should belong to the same surface and therefore
should share similar labels: the cost of holding diﬀerent names should be higher for
neighboring pairs of pixels whose observed RGB values belong to the same ridge.
Following this idea, we deﬁne the pairwise potential as
V (xi , xj ) = ωij ∥xi − xj ∥1 ,

(3.7)

where (xi , xj ) are the labels of a pair of neighboring pixels and ωij weights the classical
smoothness term according to the relative position of the RGB values pi and pj of
pixels i, j and the ridges of the color-shade descriptor as explained below.
Let π(pi ) be the orthogonal projection of the pixel value pi on its associated ridge
SD(pi ) and let θij be the angle formed by the lines (pi pj ) and (π(pi )π(pj )). Given
a pair of pixel values (pi , pj ) and the set of ridges of the image, we distinguish three
cases of relative position between these pixels (Figure 3.5 illustrates these cases).
Case A: ωij = α if the two pixels lie on two diﬀerent ridges, i.e. SD(pi ) ̸= SD(pj );
Case B: ωij = β if the two pixels lie on the same ridges, i.e. SD(pi ) = SD(pj ), but
the direction they determine is not parallel to the ridge, i.e. θij > thr, where
thr is a parameter ﬁxed once for all;
Case C: ωij = γ if the two pixels lie on the same ridges, i.e. SD(pi ) = SD(pj ), and
the direction they determine is parallel to the ridge, i.e. θij ≤ thr.
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Figure 3.5: Schema of the three diﬀerent scenarios we considered in the description
of the pairwise potential.

This weight assignation is summarized below,

α : SD(pi ) ̸= SD(pj ).




 β : SD(pi ) = SD(pj ),
θij > thr.
ωij =


γ
:
SD(p

i ) = SD(pj ),


θij ≤ thr.
The choice of the parameters α, β, and γ must be consistent with the idea that
the cost of holding diﬀerent names should be higher for pairs of pixels whose observed
RGB values belong to the same ridge. In particular, this cost should dramatically
increase if, in addition, they form a segment whose direction is collinear to the ridge’s
direction because this corresponds to the paradigmatic case of two pixels belonging to
the same reﬂectance object but with diﬀerent shadings. Accordingly, (α, β, γ) should
verify the inequalities α ≤ β ≤ γ and α ≪ γ. In Figure 3.6 we illustrate how the
diﬀerent cases aﬀect the MRF in the model.

3.3.3

MRF output

The output of the MRF consists of an array of probability vectors. However, what
we expect to recover are reﬂectance values (i.e. RGB triplets). Accordingly, we need
a way to set a link between RGB and probability values.
Since we ﬁrst discretize the probability vectors, many RGB values are⨿
mapped to
a single vector by the color-name descriptor. This provides a partition v∈L Sv of
the RGB cube, where Sv is the convex set of RGB values associated to label v. The
inverse mapping is deﬁned by associating each probability vector (i.e. label v ∈ L)
with the center of mass of the convex region it deﬁnes in the RGB space.

3.4

Adding global scene coherence

Up to this point we have used local and semi-local color information to recover reﬂectance estimates. Our MRF outputs a representative RGB value for each area of
uniform reﬂectance. However, the output image lacks global consistency. In particular, the intensity of one region in our estimated reﬂectance image may not be
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(a)

(b)

(c)

(d)

Figure 3.6: Schema of our Markov random ﬁeld. (a) Each pixel xi has two observations, one from the color-name descriptor (N D) and another from the color-shade
descriptor (SD). The continuity between two pixels is enforced in the pair-wise potential. The width of the lines represents the weight we assign to each of the edges in
order to penalize label discontinuities. These weights are locally modiﬁed according
to the diﬀerent cases deﬁned by the color-shade observations: (b) the pixels belong to
diﬀerent ridges (Case A). We assign a small weight to this edge, since no continuity
is expected between these two pixels in the reﬂectance image. (c) The pixels belong
to the same ridge but the line they form is not parallel to the ridge (Case B). We
assign a medium weight to this edge. We want to penalize diﬀerent neighboring labels
moderately as a consequence of the unclear conclusion we draw from the color-shade
descriptor, allowing certain ﬂexibility for label changes in this scenario. (d) The pixels
belong to the same ridge and the line they form is parallel to the ridge (Case C). We
assign a big weight to this edge, since we do not want these pixels to have diﬀerent
labels in the reﬂectance estimate. Notice that the weights always verify α ≤ β ≤ γ
and α ≪ γ.
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coherent with the intensity of its neighbouring regions, causing unwanted intensity
edges in the resulting shading image. We address this global coherence problem by
modifying the intensity of the RGB descriptors of each uniform reﬂectance area according to the intensity of the original image. To solve this inference problem we use
a belief propagation
algorithm.
∪
Let I = i∈U Ui be the partition of an image into its areas of uniform reﬂectance
orig
provided by the MRF. Let Li and Li
be the intensities of the RGB triplet of the
area Ui and of the same area in the original image, respectively. Ideally, to reﬂect the
real shading, the ratio of intensities should verify, for each pair of areas in contact Ui
and Uj ,
orig
Li
L
= i
.
(3.8)
orig
Lj
Lj
However, the connectivity between uniform reﬂectance areas is complex and usually
there is no transformation able to make all the intensity ratios similar to those of the
original image in general. In practice, we minimize the diﬀerences using the mean
squared error (MSE). In this minimization problem, we want regions sharing a long
boundary to have a higher weight. The length of the boundary between two regions
(denoted lij for regions i and j) is deﬁned to be the amount of pixels in both regions
which have a neighboring pixel (assuming 4-neighborhood) belonging to the other
region.
Thus, our purpose is to ﬁnd a set of scalars {λi |i ∈ U } which modify our estimated
reﬂectance intensities in order to enhance the global coherence of our recovered shading scene (explicitly, Li is substituted by λi Li ). Mathematically, we can deﬁne a
function W depending on such scalars as
W ({λi }i∈U ) =

∑

orig
orig
li,j ∥λi Li Lj
− λj Lj Li ∥2

(3.9)

(i,j)∈U 2 ,i<j

and ﬁnd the set of values that minimize it:
∗

{λi } = arg min W ({λi }).
{λi }

(3.10)

This can be done by applying the MSE and imposing a lower bound to the solution
(otherwise we could obtain the trivial solution λi = 0, ∀i ∈ U). Figure 3.7 shows
an example of how global coherence strongly improves the accuracy of the method,
resulting in better intrinsic estimates.

3.5

Experiments

In this section we evaluate the performance of our approach. First, we recall the error
metrics for intrinsic image evaluation that have been proposed in previous works.
Afterwards, we test our method on the MIT dataset [71], which has become the
standard set to test intrinsic image algorithms. We quantitatively and qualitatively
compare our results to the ones obtained by several previous approaches.
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(a)

(b)

(c)

(d)

Figure 3.7: (a) Original Image. Diﬀerent reﬂectance and shading estimates are shown:
(b) Only local information of the color-name descriptor is used. (c) Output of the
MRF where semi-local information of the ridge observations has been combined with
local information of the color-name descriptor. (d) Adding global scene coherence to
the output of the MRF.

As we have seen in Chapter 2, several error metrics have been proposed in previous
works to evaluate intrinsic image algorithms. One of the most used metrics in previous
works is the local MSE (LMSE), which was proposed by Grosse et al. [71] as an
appropriate measure for edge-based methods. The authors claimed that, for such
methods, the MSE is too restrictive because images with just a small misclassiﬁed edge
can have a large MSE. However, Jiang et al. [90] argued that the LMSE sometimes
has a low value in images that are not qualitatively good. To overcome this problem
they deﬁned a new metric based on the LMSE, the absolute LMSE (aLMSE), and also
proposed to evaluate intrinsic images using the correlation measure, which computes
the similarity, i.e. statistical dependency, between two images independently of their
mean values.
Whereas correlation and the MSE are global error measures, the others are variations of the global measures and are computed as an average of local error on small
image windows. In this work we have observed that the LMSE is biased towards
edge-based methods. Hence, in the next section, although we evaluate our method
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with four error metrics, we will focus our analysis on the results for global measures,
such as the MSE and correlation.
We have estimated the intrinsic images of the MIT-20 dataset, composed of 20
images whose reﬂectance and shading ground truth are available. For each image, the
error has been obtained by averaging the results on the reﬂectance and shading estimates. We compared our results to state-of-the-art approaches† . Previous methods
have been evaluated either on the original MIT-16 dataset, composed of 16 scenes, or
on the extended MIT-20 dataset, which inludes 4 extra scenes. In each case, we compare our results with those from the methods whose results, or the code to generate
them, are available.
The results on the MIT-16 dataset have been compared to grey and color Retinex
algorithms (obtained from [71]), the methods by Tappen et al. (Tap-05 [146] and
Tap-06 [145]), the methods by Shen and Yao [138] (Shen-SR and Shen-SRC), and
Weiss’ algorithm [158]. For the comparison on the MIT-20 dataset we test grey and
color Retinex algorithms, the methods by Jiang et al. [90] (Jiang-A, Jiang-H and
Jiang-HA), and Weiss’ algorithm. The error metrics used to evaluate the results are
the global measures MSE and correlation, and the local measures LMSE and aLMSE.
In our method, we set µ = 1/3 to weigh the two components of the energy function
of our MRF and the dependence relations among parameters α, β, and γ deﬁned in
Section 3.3.2 as follows: γ/α = 100 and γ/β = 2. To initialize the network, we apply
a logarithm to the input image before obtaining its color-shade descriptor.
Tables 3.1 and 3.2 show the results obtained by the evaluated methods on the
MIT-16 and MIT-20 datasets, respectively. As can be seen in the tables, our method
obtains the best results on the global measures (i.e. correlation and the MSE) on
both the MIT-16 and the MIT-20 datasets when compared to single-image methods.
In both cases, we overcame the results of the other methods, obtaining even better
results than Weiss’ algorithm, which uses image sequences and, therefore, has more
information than single-image based methods. Notice that for the three error metrics,
the lower is the better, while for the correlation the opposite holds. Observe that
grayscale reﬂectances (computed as the mean of the RGB channels of the reﬂectance
images) have been used in our evaluation in order to provide results which can be
compared with the other published results.
As expected, local measures (the LMSE and the aLMSE) penalize our results and
the performance of our methods considerably decreases when evaluated with these
measures. However, as stated above, we consider that the evaluation of intrinsic
image algorithms in terms of correlation or the MSE is more accurate since these
measures are more meaningful in terms of similarity to the ground truth.
In Table 3.3, we present some qualitative results of our method on three objects
of the MIT dataset. For comparative purposes, the objects shown are the ones used
in [71]. These objects belong to each of the three subgroups of objects that the
dataset contains, namely painted objects, printed papers, and animals. We compare
our results to the ones from Color Retinex and Weiss algorithm, which are the best
methods in the evaluation done in [71], and the results of the SRC method of Shen
and Yao [138], which was the state-of-the-art‡ .
† at
‡ at

the time of publication of [133] (2012)
the time of publication of [133] (2012)
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Method
Grey Retinex [71]
Tappen05 [146]
Tappen06 [145]
Col. Retinex [71]
Shen-SR [138]
Shen-SRC [138]
Ours [133]
Weiss [158]
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Global measures
Corr.
MSE
0.6494
0.1205
—
—
—
—
0.7146
0.1108
0.7259
0.1223
0.7733
0.0906
0.7862 0.0834
0.7709
0.0900

Local measures
LMSE aLMSE
0.0329
0.3373
0.0570
—
0.0390
—
0.0286
0.2541
0.0242
0.2454
0.0149 0.2147
0.0340
0.2958
0.0210 0.1953

Table 3.1: Results on the MIT-16 dataset (16 objects) with diﬀerent error metrics.
Shen-SRC results are computed on a subset of 13 objects (’deer’, ’squirrel’ and ’dinosaur’ results were not available).

Method
Grey Retinex [71]
Col. Retinex [71]
Jiang-A [90]
Jiang-H [90]
Jiang-HA [90]
Ours [133]
Weiss [158]

Global measures
Corr.
MSE
0.6292
0.1169
0.7171
0.1072
0.6262
—
0.6179
—
0.6631
—
0.7556 0.0836
0.7619 0.0890

Local measures
LMSE aLMSE
0.0296
0.3789
0.0257 0.2895
0.0388
0.4036
0.0409
0.3655
0.0460
0.3655
0.0305
0.3457
0.0191 0.2230

Table 3.2: Results on the MIT-20 dataset (20 objects) with diﬀerent error metrics.

As can be seen in the table, our method is the only one that completely avoids
the cast shadow on the reﬂectance image of the raccoon. Although the ﬁnal colors
of surfaces in the reﬂectance are not well recovered in the turtle’s reﬂectance image,
our method forces a single reﬂectance value within the areas where the material color
is uniform and all the shading eﬀects due to the textured surface of the shell are
correctly included in the shading image. Such a result is a consequence of the colorshade descriptor, which enhances the stability of color names through illuminations
variations. Finally, on the tea bag most of the errors are found on the shading
estimate, which includes some reﬂectance information. However, the reﬂectance image
is quite well recovered.
For the sake of completion we include our results for all the images in the MIT-16
and MIT-20 datasets. Quantitative results for diﬀerent metrics can be seen in Tables
3.4 and 3.5, while qualitative results are presented in Tables 3.6, 3.7, 3.8 and 3.9.
We also provide the individual error values for each image on the MIT dataset with
the four measures we have introduced in this section. For each image, we provide its
error on the shading and the reﬂectance images, as well as the global averaged error.
Boldface values in the tables correspond to the mean error values presented in Tables
3.1 and 3.2.
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IMAGE

GT

COLOR
RETINEX

0.7533

0.7873

0.3325

SHEN
SRC

0.8625

0.8454

0.4558

0.9687

0.8835

0.7020

0.5701

0.9697

0.7453

OURS

WEISS

Table 3.3: Shading and reﬂectance images recovered by previous algorithms and our
approach from images of the MIT database. Values below each decomposition are the
corresponding correlation measures.
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Image
box
cup1
cup2
deer
dinosaur
frog1
frog2
panther
paper1
paper2
raccoon
squirrel
sun
teabag1
teabag2
turtle
apple
pear
phone
potato
Mean 16 obj.
Mean 20 obj.

Shading
0,1749
0,0044
0,0683
0,0983
0,0823
0,1781
0,1326
0,0055
0,0028
0,0064
0,0047
0,1674
0,0250
0,0864
0,0440
0,1966
0,1587
0,0865
0,0575
0,0409
0,0799
0,0811

MSE
Reﬂectance
0,2534
0,0321
0,1001
0,1099
0,0411
0,2051
0,1480
0,0130
0,0034
0,1122
0,0043
0,1876
0,0148
0,0745
0,0491
0,0412
0,1600
0,1158
0,0195
0,0379
0,0869
0,0862
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Global
0,2142
0,0183
0,0842
0,1041
0,0617
0,1916
0,1403
0,0092
0,0031
0,0593
0,0045
0,1775
0,0199
0,0804
0,0465
0,1189
0,1593
0,1011
0,0385
0,0394
0,0834
0,0836

Shading
0,8188
0,9934
0,8644
0,7313
0,8145
0,7094
0,7217
0,9860
0,9922
0,9848
0,9931
0,6346
0,9153
0,4646
0,8222
0,7238
0,8469
0,8213
0,8566
0,8781
0,8231
0,8287

Correlation
Reﬂectance
0,5567
0,8675
0,6934
0,8271
0,9512
0,7005
0,2263
0,8267
0,8868
0,2639
0,9443
0,8061
0,9594
0,8574
0,9448
0,6802
0,6785
0,0315
0,9742
-0,0204
0,7495
0,6828

Global
0,6878
0,9305
0,7789
0,7792
0,8829
0,7050
0,4740
0,9064
0,9395
0,6243
0,9687
0,7204
0,9374
0,6610
0,8835
0,7020
0,7627
0,4264
0,9154
0,4288
0,7863
0,7557

Table 3.4: MSE and correlation results on the MIT-16 and MIT-20 datasets.
Finally, Figure 3.1 shows how our method works with a natural image which has
been previously used by other authors [32, 138].

3.6

Discussion and conclusion

In this chapter we have described a method for intrinsic image estimation based on
two color cues. The ﬁrst cue is based on the semantic description that human beings
use to describe color values. A MRF has been used to combine this sparse description
of color with a color-shade attribute based on an analysis of the color distribution
of the image in the histogram space. This attribute enhances the stability of color
names against strong changes in the illumination due to shadows and highlights. We
have shown that a color-name descriptor based on psychophysical data provides a
good basis for describing object reﬂectance.
Our results show how using color information in the problem of intrinsic image
decomposition results in better estimates of the intrinsic reﬂectances of images. In
agreement with other methods, we have assumed that the scenes are illuminated with
a single “white light”, and the eﬀects of the camera sensors used to acquire the input
images have been ignored. In Chapter 4 we will discuss the inﬂuence of these eﬀects
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Image
box
cup1
cup2
deer
dinosaur
frog1
frog2
panther
paper1
paper2
raccoon
squirrel
sun
teabag1
teabag2
turtle
apple
pear
phone
potato
Mean 16 obj.
Mean 20 obj.

Shading
0,0314
0,0019
0,0492
0,0559
0,0402
0,0439
0,0479
0,0029
0,0021
0,0038
0,0035
0,0804
0,0088
0,0650
0,0329
0,0773
0,0202
0,0144
0,0096
0,0239
0,0342
0,0308

LMSE
Reﬂectance
0,0714
0,0159
0,0326
0,0467
0,0201
0,0815
0,0390
0,0035
0,0022
0,0203
0,0035
0,0848
0,0035
0,0523
0,0355
0,0278
0,0199
0,0171
0,0080
0,0202
0,0338
0,0303

Global
0,0514
0,0089
0,0409
0,0513
0,0302
0,0627
0,0434
0,0032
0,0021
0,0121
0,0035
0,0826
0,0062
0,0587
0,0342
0,0525
0,0200
0,0157
0,0088
0,0221
0,0340
0,0305

Shading
0,3764
0,1179
0,4420
0,5306
0,3055
0,2854
0,2364
0,0509
0,0721
0,1584
0,0383
0,6089
0,1539
0,6490
0,3013
0,2084
0,3582
0,5782
0,1560
0,4882
0,2835
0,3058

aLMSE
Reﬂectance
0,1693
0,4285
0,5026
0,3658
0,1165
0,5330
0,5910
0,0829
0,1238
0,1609
0,1170
0,4593
0,0575
0,2138
0,1772
0,8307
0,9178
0,7957
0,0714
0,9979
0,3081
0,3856

Global
0,2728
0,2732
0,4723
0,4482
0,2110
0,4092
0,4137
0,0669
0,0980
0,1597
0,0776
0,5341
0,1057
0,4314
0,2393
0,5196
0,6380
0,6869
0,1137
0,7430
0,2958
0,3457

Table 3.5: LMSE and aLMSE results on the MIT-16 and MIT-20 datasets.
in the problem of intrinsic image decomposition, how they aﬀect existing methods
and how they can be included in the formulation of the problem.
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Original
Object

Estimated
Shading
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Estimated
Reﬂectance

GT
Shading

GT
Reﬂectance

Table 3.6: Qualitative results for the “animal” images in the MIT dataset.

Original
Object

Estimated
Shading

Estimated
Reﬂectance

GT
Shading

GT
Reﬂectance

Table 3.7: Qualitative results for the “printed paper” images in the MIT dataset.
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Original
Object

Estimated
Shading

Estimated
Reﬂectance

GT
Shading

GT
Reﬂectance

Table 3.8: Qualitative results for the “painted object” images in the MIT dataset.
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Original
Object

Estimated
Shading
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Estimated
Reﬂectance

GT
Shading

GT
Reﬂectance

Table 3.9: Qualitative results for the 4 extra images in the MIT-20 dataset.
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Chapter 4
A General Framework Based on the
Photometry of Intrinsic Images
In this chapter we examine the inaccuracy of existing intrinsic image formulations to
properly account for the eﬀects of illuminant color and sensor characteristics in the
estimation of intrinsic images and present a generic framework which incorporates
insights from color constancy research to the intrinsic image decomposition problem. The proposed mathematical formulation includes information about the color
of the illuminant and the eﬀects of the camera sensors, both of which contribute
to the observed reﬂectance of the objects in a scene during the acquisition process.
By modeling these eﬀects, we get a “truly intrinsic” reﬂectance image (we call it
absolute reﬂectance), which is invariant to changes of illuminant or camera sensors.
This framework allows us to represent a wide range of intrinsic image decompositions
depending on the speciﬁc assumptions on the geometric properties of the scene conﬁguration and the spectral properties of the light source and the acquisition system,
thus unifying previous formulations in a single general framework.

4.1

Motivation

Intrinsic image decomposition methods initially focused on providing reﬂectance and
shading image estimates of a scene [27, 158, 57]. Moreover, other subﬁelds in computer
vision estimate diﬀerent intrinsic characteristics. For example, shape from shading
methods [45] estimate the shape (i.e. orientation, depth...) of the objects given a
shading image, color constancy methods [79, 63] estimate the illuminant of the scene,
and highlight removal techniques [13] estimate image specularities.
As we have mentioned in Chapter 1, intrinsic characterization of scenes is fundamental in multiple computer vision applications. The complex ways in which light
interacts with shapes and materials continue to confound solutions in areas that range
from 3D shape reconstruction to object recognition and to material identiﬁcation. In
this chapter we argue that in order to increase accuracy in such applications multiple
intrinsic properties have to be studied in conjunction so that the appropriate intrinsic
image for each property can be estimated.
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We have already seen in chapter 2 that early methods of intrinsic image estimation
either worked with grayscale images [104, 27, 158] or assumed scenes with Lambertian
surfaces (i.e. surfaces reﬂecting the same amount of light in all directions) and a
single white light source [146, 57], thus simplifying the decomposition into intrinsic
components to the product of its intrinsic images of shading and reﬂectance. This
simpliﬁed formulation has been commonly used ever since (e.g. [90, 162, 136, 138, 60,
133, 37]). In [25], Beigpour and van de Weijer relaxed the Lambertian assumption and
added a specularity term to the formulation. Specularity detection is a hard problem
in itself and several specularity removal techniques can be found in the literature
(see [13] for a survey). Lately, in [19, 22], Barron and Malik relaxed the white light
assumption while keeping the Lambertian surfaces and single light source constraints.
In their work, the shading image was modeled as a function of the shape of the objects
in the scene, which can be described in many ways (depth maps, normal maps, etc.),
and the color and geometry of the light source of the scene.
All these formulations are consistent with the physically based dichromatic reﬂection model [135], which describes how light is reﬂected in a scene under some
simplifying assumptions. However, the color value at each image pixel cannot be determined using only the reﬂection model. During the image acquisition process, three
factors inﬂuence the color value that we ﬁnally measure at each pixel: the reﬂectance
of the objects in a scene, the illuminant of the scene, and the spectral response of
the camera sensors. While reﬂectance is an intrinsic property of objects, the illuminant and the camera sensors modify the way we see this reﬂectance in the images.
That is why we must study and describe separately these three factors by isolating
the eﬀects of both illuminant and camera sensors. So far, however, existing methods
on intrinsic image decomposition provide reﬂectance intrinsic images which contain
mixed information about the color of the illuminant (which is assumed white in many
approaches), object reﬂectance values and camera sensor eﬀects. To the best of our
knowledge camera sensors have not been studied before in the area of intrinsic image
decomposition.
We draw insights from the rich literature in color constancy (hitherto somewhat
disconnected from intrinsic image research), which also aims to a stable representation
of object color across diﬀerent images. From the start, the aim of color constancy [53]
has been to estimate the color of a scene under a canonical light source, which is similar
to the problem of reﬂectance estimation. Multiple works [103, 51, 52, 149, 79, 63] have
provided diﬀerent methods to estimate the scene illuminant from a single image, which
in turn allows to remove its eﬀects and obtain a canonical color image. Research in
color constancy has also devoted some attention to the eﬀects of the imaging sensors
for the ﬁnal recovery of the canonical illuminants [152]. The narrow band property of
the spectral sensitivity of the sensors simpliﬁes the characterization of changes in the
illuminant [48]. Therefore, the subsequent estimation of the color of the illuminant
is also simpliﬁed. In this work we build upon the connection between the ﬁelds of
color constancy and intrinsic image decomposition by extending the intrinsic model
to include the eﬀects of the color of the light source and the biases introduced by the
sensors. Both factors have direct eﬀects on the computation of the reﬂectance.
Moreover, camera sensors also aﬀect the image values in the acquisition process.
Usually cameras have three sensors (i.e. RGB sensors) which ﬁlter incoming light
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at diﬀerent wavelengths and transform it into electrical signals by means of a set
of predeﬁned sensitivity functions. Each camera model has diﬀerent sensors with
diﬀerent sensitivity functions. Therefore, the pixel values we observe in the images
are also dependent on the camera sensors. Usually, the sensitivity functions are not
speciﬁed. However, some camera calibration models estimate the sensitivity functions
of the camera [16, 124, 153, 93, 41], allowing the removal of sensor eﬀects from images.
In the formulation we propose, it is possible to study the eﬀects of the camera
sensors and the color of the illuminant and isolate them from the reﬂectance image.
As a result, we obtain a new reﬂectance image which is invariant to changes of the
camera sensors and the color of the illuminant. This reﬂectance image, which we
call absolute reﬂectance, is a truly intrinsic image. The invariance of our absolute
reﬂectance image provides many practical advantages in diﬀerent scenarios. Our
method is practically applicable because such sensor information is publicly available
for many sensors and the color of the light can be estimated with any state of the art
color constancy method. As we demonstrate in Section 4.4.1, even partial knowledge
of sensor characteristics leads to signiﬁcant improvement in the estimated intrinsic
images.

4.2

Reflectance and color fundamentals

In this section we introduce some theoretical aspects about the image acquisition
process. We observe the role of the color of the illuminant and the camera sensors in
the acquisition process and also analyze how these eﬀects have been modeled in the
ﬁeld of computer vision.

4.2.1

Color image formation: physics

When the light source can be assimilated to a point source, the spectral radiance
outgoing from an inﬁnitesimal patch at location x on an object obj along the direction
vr can be physically expressed as
∫
Lobj (x, vr , λ) =
fr (x, vr , vi , λ)Li (λ) cos(θi )dωi .
(4.1)
Ωx

In this expression [86], Li (λ) is the incident radiance (i.e. irradiance), cos(θi ) captures
the geometry of the scene by expressing the reduction in the amount of light impinging
the surface at x due to the angle θi between the surface normal (i.e. normal to the
patch) and the incident direction vi , and fr (x, vr , vi , λ) is the bidirectional reﬂectance
distribution function (brdf ) of the object that speciﬁes how much of the incident light
coming from direction vi is reﬂected into the viewing direction vr per unit wavelength
λ at x. Finally, Ωx denotes the hemisphere given by the normal to the patch. Figure
4.1 illustrates the variables used in Equation 4.1. The brdf captures how light and
material interact to shape the appearance of an object. In particular, the spectral
power of the light outgoing from an object depends on both the spectrum of the light
source and the reﬂectance of the object.
Several reﬂection models have been proposed in the ﬁeld of computer vision and
computer graphics [121] which assume diﬀerent simpliﬁcations of the physics of light.
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Figure 4.1: Illustration of the multiple variables that model the spectral radiance.
Here we use Shafer’s Dichromatic Reﬂection Model (DRM) [135] because it oﬀers a
good trade-oﬀ between realism and practicability.
In Shafer’s DRM, light reﬂection is modeled as two separate reﬂection processes,
each having a characteristic spectral power distribution whose magnitude varies with
the direction of illumination and viewing. In the DRM, the amount of light reﬂected
per unit wavelength in direction vr by a small surface patch at a point x of an object
obj is deﬁned as
∫
Lobj (x, vr , λ) =
(mb (x, vr , vi )cb (λ) + ms (x, vr , vi )cs (λ)) dωi ,
(4.2)
Ωx

where cb and cs are functions describing the spectral distributions of the body reﬂectance and the surface reﬂectance of the object, respectively, and mb and ms ,
called diﬀuse and specular magnitudes, are geometric factors that weigh the amount
of light coming from the body and the surface of the object, respectively, and only
depend on the geometry of the scene. Equation 4.1 and the DRM in Equation 4.2 are
equivalent when the brdf function, fr , is deﬁned in the following way:
fr (x, vr , vi , λ) = hb (x, vr , vi )gb (x, λ) + hs (x, vr , vi ),

(4.3)

where the scalar hb (x, vr , vi ) describes the variations in body reﬂection due to the
geometry of the scene, gb (x, λ) describes the reﬂection of the body at x, which is
supposed to be isotropic (i.e. independent of vr and vi ), and the scalar hs (x, vr , vi )
describes the variations in surface reﬂection depending on the geometry of the scene.
When we substitute the right-hand side of Equation 4.3 in Equation 4.1, we obtain
∫
Lobj (x, vr , λ) =
(hb (x, vr , vi )gb (x, λ)Li (λ) cos(θi ) + hs (x, vr , vi )Li (λ) cos(θi ))dωi .
Ωx

(4.4)
We now want to see that Equations 4.2 and 4.4 are equivalent. The diﬀuse and
specular magnitudes are functions that only depend on the geometry of the scene.
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Therefore, we can write
mb (x, vr , vi ) = hb (x, vr , vi ) cos(θi )

(4.5)

ms (x, vr , vi ) = hs (x, vr , vi ) cos(θi ).

(4.6)

and
The spectral power distribution of the body of the object depends on that of the
incident light, Li (λ), as well as the reﬂectance function of the body of the object,
gb (x, λ), which is independent of x when uniformly colored objects are assumed as in
the DRM, thus
(4.7)
cb (λ) = gb (λ)Li (λ).
Finally, the spectral power distribution of the surface reﬂectance of the object is that
of the incident light,
cs (λ) = Li (λ).
(4.8)
To sum up, at the physical level the spectral composition of the light reﬂected from
objects in a scene depends on the intrinsic reﬂectance of the object and of the spectrum
of the light. Moreover, this interdependency can be modeled mathematically, which
will prove to be useful for the formulation of the intrinsic decomposition below.

4.2.2

Color image formation: sensors

As explained above, the light reﬂected from an object depends on both its material
reﬂectance and the color of the light. Additionally, in the acquisition process, the
resulting image values are also aﬀected by a third factor, namely the camera sensors.
Cameras use a ﬁnite set of sensor responses to describe the continuous light spectrum. Camera sensors vary widely with the characteristics of the camera, and diﬀerent
cameras usually produce diﬀerent measurements. The values measured by the sensors
of a camera are obtained by spectral integration [97],
∫
pk =
Lobj (x, vr , λ)Sk (λ) dλ,
(4.9)
Λ

where Sk (λ), k = 1, 2, 3, are functions describing the absorption curves of the camera
sensors and Lobj (x, vr , λ) is the reﬂected light from object, obj, in a scene. Λ denotes
the integration domain, which corresponds to the visible spectrum. The dependence
of pk on x is further omitted for the sake of simplicity.
For most computer vision problems, it is important to transform the measurements
pk made with a given camera to measurements made with standard sensors Sks (λ)∗ ,
∫
psk =
Lobj (x, vr , λ)Sks (λ) dλ.
(4.10)
Λ

There exist several computational models of camera calibration that estimate the
sensitivity functions of the camera [93, 41]. Given an estimate of the sensitivity functions of a camera, and standard sensitivity functions, a transformation matrix SSen
∗s

superscript stands for “standard”.
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converts theoretical responses for standard sensors into those of the actual camera.
Sensor transformations are often described by 3-by-3 matrices [85]. If ps denotes the
vector whose standard coordinates are psk , and p denotes the response of the camera
whose coordinates are pk , we have
p = SSen · ps .

(4.11)

Notice, however, that the term SSen is usually an approximation of the sensor transformation. In this work we adopt the widely used standard RGB (sRGB) sensitivity
curves [7] as the standard sensor.
Moreover, as we will see in the next section, a valuable property for a set of camera
sensors is to be narrow band. We say that a set of camera sensors is narrow band
when the overlap among the spectral responses of these sensors is small, meaning
that the response for each of the sensors scarcely inﬂuences the responses of the other
sensors. Narrow band responses are uncorrelated, which proves to be critical for most
computer vision applications, among which color constancy [50].

4.2.3

Joint illumination/sensor modeling for intrinsic images

As we have seen in the previous section, both the spectral distribution of the light
source and the sensor properties aﬀect camera measurements. Deﬁning color constancy algorithms able to provide image representations invariant to these dependencies has been a long-standing goal in the computer vision community. Originally, the
term color constancy refers to the human ability to maintain a stable color representation of a scene irrespective of its illuminant.
A classical approach in computational color constancy is to estimate the color of
the illuminant of a scene using a single image and then subtract the illuminant to
build a stable image under a canonical illuminant (see [79, 63] for a survey). The
canonical representation of the color of an image is given by
∫
pck =
Lcobj (x, vr , λ)Sk (λ)dλ,
(4.12)
Λ

where Lcobj (x, vr , λ)† is the light reﬂected by the object under the canonical illuminant.
In this work we use the CIE standard illuminant D65 as the canonical illuminant [131].
Let us now describe illuminant and sensor transformations in a practical way.
In the color constancy literature, 3-by-3 matrices have been commonly used to describe illuminant transformations [53]. We denote by LCLig the color conversion that
transforms pixel values under the canonical illuminant to values under the actual
illuminant. Therefore, we have
p = LCLig · pc .

(4.13)

Notice that in the last equation the term LCLig is usually an approximation of the
illuminant transformation. Several methods have been proposed to ﬁnd the appropriate transformation matrix LCLig [63] and most of them rely on the sharpness of the
†c

superscript stands for “canonical”.
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sensors and approximate the illuminant using a diagonal model [159, 48]. Spectral
sharpening methods [50] provide sensor transformations, T , that convert a given set
of sensor sensitivity functions into a new set of functions which are less overlapped,
T · p ≈ LCLig · T · pc .

(4.14)

In general, spectral sharpening improves the performance of color constancy algorithms that are based on an independent adjustment of the sensor response channels
[50, 152].
Our objective is to describe the intrinsic components by discarding both the eﬀects
of the color of the light and the dependence on a particular set of camera sensors.
The values
∫
s,c
pk =
Lcobj (x, vr , λ)Sks (λ) dλ
(4.15)
Λ

represent the appearance of the objects under a canonical illuminant and standard
camera sensors. Hence, from previous statements, we derive that the relationship
between ps,c and p is
p = LCLig · SSen · ps,c .
(4.16)
In this equation, LCLig and SSen , isolate lighting and sensor eﬀects, respectively. As
we have already mentioned before, these terms are usually just good approximations
of the illuminant and sensor transformations respectively. However, the errors of such
approximations are ignored in this work for the sake of simplicity.

4.3

A general model for intrinsic image estimation

Thus far, in the literature the photometric issues described above have been disregarded. Moreover, some assumptions have been consistently made to simplify the
problem. Under the assumptions that surfaces are Lambertian and that there is a
single white light in the scene, the intrinsic image decomposition problem is reduced
to the estimation of shading and reﬂectance images [27, 158, 146, 57] according to
I(x, y) = IShad (x, y) · IRef l (x, y),

(4.17)

where IShad represents the amount of reﬂection arriving to the point (x, y) of the
image from a speciﬁc point of the object surface considering the shape of the objects
in the scene and the position of the light source, and IRef l describes how the light is
reﬂected by the corresponding point of the object considering the material reﬂectance
properties. Since the model is assumed to be deﬁned for any image point, for the sake
of simplicity the notation (x, y) is further omitted.
The Lambertian assumption was relaxed in [25], where the authors added a specularity term to the model
I = IShad ◦ ‡ IRef l + ISpec ,
where ISpec denotes the specular reﬂection of the objects in the scene.
‡ Here

’◦’ denotes the Hadamard product.

(4.18)
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Barron and Malik [19] modeled the shading image as a function, M , of the shape
of the scene, IShape , and the color and direction of the illuminant, L = [LCLig , LGLig ],
which led to the decomposition
I = IShad ◦ IRef l = M (IShape , L) ◦ IRef l .

(4.19)

Although Barron’s attempt to model the illumination of the scene in their approach of intrinsic image estimation, the eﬀects of camera sensors and illumination
have not been jointly considered. As explained above, image values are aﬀected by
both factors and, therefore, the reﬂectances recovered by previous methods depend on
the illuminant and the sensor used to acquire the image. We refer to such recovered
reﬂectances as relative reﬂectances.
To overcome the dependence problems that relative reﬂectance images have, in
this chapter we propose a general framework for intrinsic image decomposition which
takes into account both illuminant and camera sensor eﬀects, thus allowing us to
recover the reﬂectance images as if they were acquired with standard sRGB sensors
under the canonical illuminant. We deﬁne such images as absolute reﬂectance images,
a
and denote them IRef
l.
As introduced in Equation 4.16 the physical properties of the scene at a pixel
(reﬂection model, geometry, etc.) encoded in ps,c can be isolated from the eﬀects of
the camera sensors and the illuminant of the scene, described respectively in SSen
and LCLig . According to the DRM (Equations 4.2 and 4.9), we can decompose these
values, ps,c , into their diﬀuse and specular components as
s,c
s,c
ps,c = ps,c
Shad ◦ pRef l + pSpec ,

(4.20)

s,c
where ps,c
Shad and pRef l describe the magnitude and composition of the body (i.e.
diﬀuse) reﬂection, and ps,c
Spec represents the magnitude of the surface (i.e. specular)
reﬂection. Hence, from Equations 4.16 and 4.20 the general formulation at a pixel, p,
is
s,c
s,c
p = LCLig · SSen · (ps,c
(4.21)
Shad ◦ pRef l + pSpec ).

Equation 4.21 can be extended from a pixel level to a whole image level, leading to
our proposal for a general framework for intrinsic image estimation which deals with
absolute reﬂectances:
a
I = LCLig · SSen · (IShad ◦ IRef
l + ISpec ).

(4.22)

Our proposed framework, illustrated in Figure 4.2, models the eﬀects of the light
source and the camera sensors and includes a novel reﬂectance term which is invariant
to these eﬀects.

4.3.1

Model particularities and relation to previous models

Depending on the knowledge we have about the scene and the acquisition conditions,
or the assumptions we make on them, our model leads to diﬀerent simpliﬁcations of
the general formula proposed in Equation 4.22. Furthermore, existing formulations
(Equations 4.17-4.19) in the intrinsic image decomposition ﬁeld can be derived from
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Figure 4.2: Overview of the proposed model. Modeling the eﬀects of the illumination
and the sensors in the acquired images allows intrinsic image methods to obtain
a
absolute reﬂectance images IRef
.
our model as speciﬁc cases. Let us describe some of these assumptions and discuss
how they inﬂuence the general formulation of our model. In our formulation of the
problem the eﬀects of the color of the light source and the response of the camera
sensors are modeled using 3-by-3 matrices. The resulting reﬂectance image, or absolute reﬂectance, is invariant to changes in the illuminant of the scene or the camera
sensors.
When surfaces in a scene are Lambertian, specularities can be discarded from the
general formulation (i.e. ISpec = 0) and Equation 4.22 becomes:
a
I = LCLig · SSen · (IShad ◦ IRef
l ).

(4.23)

When there is a single canonical light source, the illuminant transformation happens to be a diagonal matrix with a single scalar value κ for the three channels.
This transformation modiﬁes the general intensity of the image. Therefore, LCLig is
substituted by the scalar value κ:
a
I = κ · SSen (IShad ◦ IRef
l + ISpec ).

(4.24)

When camera sensors are narrow band, LCLig can be described by a diagonal
matrix. This illuminant transformation matrix can be represented as an image,
LCLig = ICLig , where each channel in ICLig contains one value of the diagonal matrix
LCLig . Under this notation, the Hadamard product can be used in order to multiply
this term with the shading and the absolute reﬂectance components in the intrinsic
image decomposition:
a
I = SSen · (ICLig ◦ IShad ◦ IRef
l + ICLig ◦ ISpec ).

(4.25)

As explained in Section 4.2.3, when the sensitivity curves of the camera sensors are
overlapped, spectral sharpening methods can be applied to make them more narrow
band. This allows us to write LCLig = ICLig as in the previous case. Including the
transform T deﬁned in Equation 4.14, the formulation above stands as:
a
I = T −1 · [ICLig ◦ IShad ◦ (T · SSen · IRef
l ) + ICLig ◦ (T · SSen · ISpec )].

(4.26)
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When the camera sensors are the canonical sRGB sensors, SSen is the identity
matrix, and Equation 4.22 results in
a
I = LCLig · (IShad ◦ IRef
l + ISpec ).

(4.27)

Notice that even when we only have partial information about light and sensors,
we are still able to estimate the illuminant transformation matrix (by applying color
constancy methods) and the camera sensor behaviour (sometimes available on public
websites), which makes our method widely applicable.
However, when the conditions described above are not fulﬁlled, as it is usually
the case with natural images, we cannot accurately estimate the absolute intrinsic
a
reﬂectance IRef
l . In such case, the absolute reﬂectance can only be approximated
r
by a relative reﬂectance image, IRef
l , which includes part of the illumination and
sensor eﬀects. For instance, when we have no knowledge about the camera sensors
and canonical sRGB sensors are assumed (for example, when estimating SSen is not
r
a
possible), the estimated reﬂectance is IRef
l = SSen · IRef l .
Existing models for intrinsic image decomposition can also be derived from this
generalized model by considering their speciﬁc assumptions. Several approaches
[146, 145, 133] assume Lambertian objects (ISpec = 0), white light (LCLig = κ)
and unknown camera sensors (SSen = Id), which yields
r
I = κ · (IShad ◦ IRef
l ),

(4.28)

r
a
where IRef
l = LCLig · SSen · (IRef l + ISpec ). We assume that the methods that do
not consider the specular component will include highlights in the reﬂectance image.
This last equation is equivalent to Equation 4.17 up to a scale factor. Dealing with
the specular image term while keeping the white light assumption (LCLig = κ) and
having no knowledge of the camera sensors (SSen = Id) leads to
r
I = κ · (IShad ◦ IRef
l + ISpec ),

(4.29)

r
a
where IRef
l = LCLig · SSen · IRef l . This, in fact, is Equation 4.18 up to a scale
factor. Finally, Barron et al.[19] (Equation 4.19) relaxed the white light assumption.
If narrow band sensors are assumed (LCLig = ICLig ) our model becomes:
r
I = IShad ◦ ICLig ◦ IRef
l,

(4.30)

r
a
e
e
where IRef
l = LCLig · SSen · (IRef l + ISpec ), and LCLig represents the information of
the light source not modeled by ICLig when the sensors are not narrow-band.
In Table 4.1, we show how the proposed model can be simpliﬁed by usual assumptions such as images acquired under the canonical light, scenes with only Lambertian
surfaces, or cameras with narrow-band sensors. Afterwards, in Table 4.2, we show how
the formulations of the decomposition in intrinsic components used in previous methods are particular cases of our extended formulation. These particular formulation
depend on the speciﬁc assumptions of each method.

Standard sensors (sRGB)
SSen = Id

Sharpened sensors
diagonal LCLig

Narrow-band sensors
diagonal LCLig

Canonical/White light
LCLig = Id · κ

Table 4.1: Speciﬁc formulations of the model resulting from common assumptions.

product. In such case, this image ICLig directly represents the color of the light source.

(*) When LCLig is a diagonal matrix, it may be replaced by an image ICLig . This allows us to turn the matrix product into an image

a
+ ISpec )
I = LCLig · (IShad ◦ IRef

a
I = T −1 · [IShad ◦ ICLig ◦ (T · SSen · IRef
) + ICLig ◦ (T · SSen · ISpec )]

a
I = SSen · (IShad ◦ ICLig ◦ IRef
+ ICLig (∗) ◦ ISpec )

a
I = κ · SSen · (IShad ◦ IRef
+ ISpec )

Lambertian surfaces
ISpec = 0

None

a
I = LCLig · SSen · (IShad ◦ IRef
+ ISpec )

a
I = LCLig · SSen · (IShad ◦ IRef
)

Assumptions

Formulation
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Previous works
Tappen et al. [145]
Shen et al. [137]
Jiang et al. [90]
Shen et al. [136]
Shen-Yeo [138]
Gehler et al. [60]
Serra et al.[133]
Grosse et al. [71]
Barron-Malik [19]

Lambertian
Canonical light
Standard sensors

Assumptions

r
I = κ · (IShad ◦ IRef
+ ISpec )

r
I = κ · (IShad ◦ IRef
)

Speciﬁc formulation

r
a
e
IRef
=L
CLig · SSen · (IRef + ISpec )

r
a
IRef
= LCLig · SSen · IRef

r
a
IRef
= LCLig · SSen · (IRef
+ ISpec (∗) )

Estimated reﬂectance

(∗∗)

r
I = IShad ◦ ICLig ◦ IRef

Canonical light
Standard sensors
Lambertian
Narrow-band sensors

(*) We assume that the methods that do not consider the specular component will include highlights in the reflectance image.
e CLig represents the information of the light source which is not modeled by ICLig when the sensors are not narrow-band.
(**) The matrix L

Table 4.2: Summary of how previous methods for intrinsic image decomposition are related to our general model.
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Validation Experiments

In the previous sections we have proposed a new model for intrinsic image decomposition that revisits the simplistic image product formulation. Our approach includes
constraints derived from the consideration of the color of the light source and the bias
introduced by the acquisition process. In this section we present a set of experiments
to validate the proposed framework. Our experiments simulate multiple scenarios
which diﬀer by the degree of knowledge of the scene. These scenarios involve diﬀerent
assumptions on the sensors, the light source, or the illuminant model:
• The camera sensors may be either known (in which case we use the corresponding sensor responsivity functions), or unknown (i.e. standard sRGB sensors are
assumed).
• The illuminant of the scene may be either known (in which case we use the
corresponding spectral power distribution), or unknown (i.e. a canonical D65
illuminant is assumed).
• The model of illumination can either be diagonal (i.e. sharp sensors are assumed) or a full 3-by-3 model.
Taking these considerations into account, we deﬁne four scenarios (summarized in
Table 4.3) which describe the most common situations found in real applications:
Scenario 1 (SC1): It corresponds to the ideal case. Both camera sensors and scene
light source are known, and LCLig is approximated by a full illuminant model.
Scenario 2 (SC2): It is identical to SC1 except that a diagonal illumination model is
assumed, just as most color constancy methods do.
Scenario 3 (SC3): Here the camera sensors are unknown (i.e. standard sensors are
assumed) but the scene illuminant is known or can be estimated with a diagonal
model.
Scenario 4 (SC4): Here no knowledge of either the camera sensors (i.e. standard
sensors are assumed) or of the lighting conditions (i.e. a canonical illuminant
is assumed) is available.
We use the angular error to calculate the diﬀerences between the estimated reﬂectance values in each scenario and the ground truth reﬂectance values. The angular
error between two RGB values, pi and pj , is deﬁned as the angle between the vectors
determined by these values,
(
)
pi · pj
−1
.
(4.31)
Ae (pi , pj ) = cos
∥pi ∥ · ∥pj ∥
This error metric has been previously used in the literature to test the accuracy of
color constancy methods [79, 63].
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Scenario
SC1
SC2
SC3
SC4

Camera
Sensors
Known
Known
Unknown
Unknown

Scene
Illuminant
Known
Known
Known
Unknown

Illuminant
Model
Full
Diagonal
Diagonal
-

Table 4.3: Description of the scenarios used in the experiments.

4.4.1

Experiment 1: Synthetic data

For this experiment we use a dataset of 1995 reﬂectances compiled from several sources
in Barnard et al. dataset [17]. These reﬂectances include the 24 Macbeth color-checker
patches, 1269 Munsell chips, 120 Dupont paint chips, 170 natural objects, the 350
surfaces in Krinov dataset, and 57 additional reﬂectances. These data allow us to
synthesize the scenes for the experiment. To simulate the light source of the scenes,
we have used the spectral power distributions of 10 illuminants: 5 Planckian and 5
non-Planckian (see Appendix B). These illuminants have been chosen from the same
dataset (Barnard et al. [17]). To simulate the imaging process we have used 7 sets
of commercial cameras sensors (Canon EOS1D, Sigma Foveon D10, Kodak DCS420,
Leica M8, Nikon D70, Olympus E400, Sony DXC930, and TVI MSC-1024RGB12).
We have performed the experiments on 10 scenes, each one synthesized with 140
diﬀerent reﬂectances randomly chosen from Barnard’s dataset. Each scene has been
integrated with each of the 10 illuminants and subsequently with each of the 7 sets of
camera sensors, providing the pixel values p for the 700 resulting scenes. Our groundtruth (i.e. absolute reﬂectances) are the same 10 scenes integrated with the canonical
D65 illuminant spectrum and standard sRGB sensitivity curves. The ground-truth
values are denoted by ps,c .
In order to estimate the transformation matrices SSen and LCLig , we also synthesize relative reﬂectance values by integrating each reﬂectance with the spectrum of the
canonical illuminant D65 and each of the 7 sets of camera sensors, resulting in a set
of pc values. We approximate the camera sensor transformation matrix, SSen , from
ps,c and pc using a 3-by-3 matrix estimated by least squares minimization. The illuminant transformation matrix LCLig can be estimated from p and pc values following
the same procedure.
Figure 4.3 illustrates the results of this experiment. We observe that when some
knowledge about the camera sensors and the illuminant of the scene is available (SC1),
the error is considerably reduced with respect to the worst case scenario, where we
do not have any further information of the scene and a D65 illuminant and sRGB
sensors are assumed (SC4). On average, the error in scenario 4 is reduced by 93%
when knowledge about the illuminant and the camera sensors is available (SC1). For
the most extreme case, the Nikon D70 camera, the error is reduced by 97.5%. Most
computer vision techniques have so far ignored the eﬀects of the illuminant of the
scene and the camera sensors, including these errors into their results.
When we approximate the eﬀect of the illuminant using a diagonal model (SC2),
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the errors increase by 48% on average with respect to scenario 1. Nonetheless, the
errors in scenario 2 are always smaller than 5 degrees. These results are coherent
with previous results showing that diagonal models are suﬃcient to correctly describe
illuminant transformations [48].
When we only have partial information about the scene and we estimate the
illuminant of the scene but assume sRGB sensors (SC3), for most cameras the errors
also decrease notably with respect to the worst case scenario (SC4). On average,
the errors in scenario 3 are reduced by 42% with respect to the errors in scenario 4.
However, there are three cameras (Sigma Foveon D10, Kodak DCS420 and Nikon D70)
for which the errors decrease by less than 10%. These error diﬀerences within cameras
for scenario 3 are probably due to the response of the camera sensors. Cameras with
sensor sensitivity functions similar to sRGB curves get much larger error reductions
than other cameras, since sRGB sensors are assumed in scenario 3.
The numerical results of this experiment can be seen in Table 4.4. The results are
presented separately for Planckian and non-Planckian illuminants in order to study
possible diﬀerences in the behavior of our framework which result from the type of
illumination in the scene. We observe that, in general, errors are slightly larger when
non-Planckian illuminants are used. However, the behavior of our framework with
Planckian and non-Planckian illuminants is exactly the same.
The conclusion we draw from this experiment is that any knowledge about the
illuminant of the scene and the camera sensors, even if it is only partial knowledge,
is critical for many computer vision tasks involving color images. Speciﬁcally, in
intrinsic image decomposition it means that the more information we have about the
camera sensors and the scene illuminant, the better our reﬂectance estimate will be.

Figure 4.3: Mean angular error for diﬀerent commercial cameras in multiple scenarios.
The most information we have about the scene, the best our reﬂectance estimate will
be. Scenario 4 always assumes canonical illumination and standard sensors, like most
existing intrinsic image models. Scenarios 1 and 2 represent our model when there is
some knowledge about scene illumination and camera sensors.
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Camera
Canon EOS1D
Sigma Foveon D10
Kodak DCS420
Leica M8
Nikon D70
Olympus E400
Sony DXC930
TVI

SC1
1.19
1.02
2.45
2.14
0.95
1.69
0.79
1.76

Planckian
SC2
SC3
1.55
4.47
2.74 15.45
3.68 14.35
2.48
8.55
1.36 36.28
2.29
7.59
1.04
2.67
1.93
5.45

SC4
12.93
16.41
14.99
12.50
37.67
12.47
15.33
16.16

SC1
1.26
1.10
2.53
2.23
1.05
1.93
0.80
1.53

Non-Planckian
SC2
SC3
SC4
2.27
4.51 22.27
4.78 16.34 17.96
4.80 15.43 15.61
3.11
8.97 18.19
2.12 36.50 38.89
3.21
8.04 18.86
1.09
2.48 26.84
1.88
4.87 22.67

Table 4.4: Numerical results (angular error in degrees) of the experiments showed in
Figure 4.3.

4.4.2

Experiment 2: Natural images

In our second experiment, we use a set of images from Flickr [3]. We choose images
from six well-known scenes (Figure 4.4), taken with four popular DSLR camera models, namely the Canon EOS 5D Mark II, the Nikon D50, the Nikon D7000 and the
Sony NEX-5.

Figure 4.4: Image categories: From left to right, the Golden Gate bridge (San Francisco), the Statue of Liberty (New York City), the Kinkakuji temple (Kyoto), the
church of Sagrada Famı́lia (Barcelona), the Uluru Rock (Australian desert) and St.
Basil’s cathedral (Moscow).
The images selected for this experiment fulﬁll the basic assumptions of our model:
scenes with a single light source and known camera sensors. The amount of pictures
that we choose for each camera model and image category depends on the number of
available pictures which satisfy these requirements, but on average we have 4 pictures
per camera model and scene. The total number of images used in our experiment
is 107. We ﬁrst remove the gamma correction, which we assume to be 2.2, from all
the pictures. Then, for each picture, we select two or three regions which describe a
single material under similar illumination conditions (i.e. overshadowed and saturated
areas of the picture are avoided). The mean value of these regions is used as a color
descriptor for this picture.
For each of the pictures we apply two color constancy methods (Shades of Grey
[52] and Grey-Edge [149]) and remove the eﬀects of the sensors for each of them (i.e.
express the image values under sRGB sensors) by using the transformation matrices
obtained from DxOMark website [2].
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Figure 4.5 shows some qualitative results where the improvement after applying a
color constancy algorithm and removing the eﬀect of the camera sensors is clear. In
Figure 4.6 we present quantitative results using a color constancy algorithm to estimate the illuminant of the scenes. The color descriptors for each image are compared
with the color descriptors of the other images representing the same scene category
using the chromatic angular error. We also average the obtained error between pair
of pictures and observe that this error decreases accordingly to the available information about the illuminant and the camera sensors. When the eﬀects of both the
illuminant and the camera sensors are removed, there is an average decrease in the
error of 22.59%. These results are coherent with those we obtain in our previous experiment with synthetic data. Although the error reduction is more signiﬁcant when
we use synthetic data, in both experiments the results show that the error decreases
accordingly to the amount of available information about the illuminant of the scene
and the camera sensors. The only exception is found in the results for the Nikon
D7000 camera, where the error in scenario 3 (illuminant known, sensors unknown) is
bigger than the error in scenario 4 (illuminant and sensors unknown). However, when
both the illuminant and camera sensors are known (SC2) the error for this camera
also decreases. Furthermore, all the images on the second experiment have been acquired under diﬀerent daylight illumination conditions (i.e. Planckian illuminants).
On the other hand, the diversity of the illuminants used in the ﬁrst experiment is
much bigger, since they are deﬁned in a bigger space, including both Planckian and
non-Planckian illuminants. As a result, the decrease of the errors in the experiment
with synthetic data is more pronounced than it is in the experiment with natural
images.
We have seen how the illuminant of the scene and the camera sensors aﬀect the
resulting image values, but our aim is to show how isolating these eﬀects can beneﬁt
the performance of many intrinsic image decomposition methods. Figure 4.7 shows
how our model can be applied in practice to the problem of intrinsic image estimation.
Given pairs of images describing the same scene under diﬀerent illumination conditions
and taken with diﬀerent camera models, the reﬂectance estimates for Serra et al.
method [133] are much closer when the eﬀects of the illuminant and the camera
sensors are removed. For the ﬁrst example (Sagrada Famı́lia), the angular error of
the estimated reﬂectance decreases by 63.4%, while the error for the second example
(Uluru Rock) decreases by 82.3%.

4.4.3

Experiment 3: Laboratory-acquired images

In this subsection we include experiments on synthetically rendered and real labacquired images that complement the results exposed in the previous experiments.
In Figures 4.8 and 4.9, we show the eﬀects of considering the photometric properties through the proposed model prior to applying usual methods for estimating
reﬂectance intrinsic images.
In Figure 4.8 we show results on a synthetic specular object which has been rendered simulating diﬀerent illuminants and diﬀerent camera sensors (column (a)). The
scenes in Figure 4.9 (original images in column (a) in both ﬁgures) have been acquired in a laboratory with a common sensor and under diﬀerent illuminants (placing
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(a) 4.68 ◦

(b) 4.29 ◦

(c) 2.76 ◦

(d) 4.70 ◦

(e) 2.45 ◦

(f) 0.91 ◦

(g) 9.96 ◦

(h) 3.05 ◦

(i) 2.40 ◦

Figure 4.5: Results on 3 pairs of natural images. At each row, in the ﬁrst column we
see a pair of original images. In the second column the Grey-Edge algorithm [149] has
been applied. In the last column, we see the images of the second column after their
camera sensor eﬀects have been removed. The chromatic angular errors are expressed
in degrees.
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Figure 4.6: Mean angular error among pairs of images from our set of natural images
corresponding to the scenarios 2, 3 and 4 previously deﬁned. The Shades of Grey algorithm [52] has been used to estimate the illuminant, but similar results are obtained
when using other color constancy methods, such as Grey-Edge [149].

diﬀerent color ﬁlters in front of our light source).
For each image acquired in the laboratory we captured an extra picture containing
a Macbeth color-checker. This enabled us to approximate the transformation matrix
for the illuminant, LCLig , and the transformation matrix for the camera sensors, SSen ,
by means of a least squares algorithm. The matrices SSen and LCLig were used to
transform input images into more stable images, which were closer to an image of the
scene acquired under the canonical illuminant and with standard sensors.
For all three objects we show the reﬂectance images estimated by Serra et al. [133]
and Barron et al. [19] in columns (b) and (c), respectively. Subsequently, in columns
(d) and (e) we show the estimated reﬂectances computed by the same methods after
the eﬀects of both the color of the illuminant and the camera sensors have been
removed from input images.
In all scenes we calculate the mean angular error, averaged over all the pixels
of the object, between the diﬀerent pairs of estimated reﬂectance images. Notice
that the error decreases for both methods when we remove the eﬀects of the color
of the illuminant and the camera sensors from input images, showing that the use of
photometric information increases the stability of the recovered reﬂectance.
Finally, in Figure 4.10 we show a Lambertian object with multiple color values on
its surface. We have acquired images of this object under diﬀerent illumination conditions (column (a)). In order to measure the convenience of estimating an absolute
reﬂectance image instead of a relative reﬂectance image, we ﬁrst project on the chromatic plane the relative and absolute images that we get for each illuminant. Then,
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(a) 2.83 ◦

(b) 0.89 ◦

(c) 3.44 ◦

(d) 1.26 ◦

(e) 13.62 ◦

(f) 8.50 ◦

(g) 18.69 ◦

(h) 3.31 ◦

Figure 4.7: Example of the inﬂuence of the color of the illuminant and the camera
sensors on intrinsic images. (a) and (e) are images of a given landmark, taken with
diﬀerent cameras under diﬀerent illumination conditions. (b) and (f) are the images
in (a) and (e) respectively, after removing the eﬀects of the illuminant and the camera
sensors. (c),(d),(g) and (h) are the estimated intrinsic images of (a),(b),(e) and (f),
respectively. Chromatic angular error values are given in degrees.
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21.6 ◦
(c)

4.4 ◦
(d)

2.2 ◦
(e)

Figure 4.8: Results showing the average chromatic diﬀerence for a synthetic object
rendered under diﬀerent lighting and sensor conditions. The ﬁrst and second rows
share the same camera sensors but not lighting conditions. The second and third
rows share the scene illuminant but not the camera sensors. Ideally all 3 images
should have the same intrinsic reﬂectance image. Numbers under each column are
the average diﬀerence between images as measured by angular diﬀerences in sRGB
space. (a) Original Image. (b) Reﬂectance estimates of the method of Serra et al.
[133]. (c) Reﬂectance estimates of the method of Barron et al. [19]. (d) and (e)
Removing the eﬀects of the color of the illuminant and the camera sensors from input
images minimizes the diﬀerences between the three reﬂectance estimates for [133] and
[19], respectively.
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(a)

6.1 ◦

9.2 ◦

5.4 ◦

5.7 ◦

6.2 ◦
(b)

8.2 ◦
(c)

5.9 ◦
(d)

5.8 ◦
(e)

Figure 4.9: Results showing the average chromatic diﬀerence for two objects acquired
in the laboratory under diﬀerent lighting conditions. Ideally, for each object, all
3 images should have the same intrinsic reﬂectance image. Numbers under each
column are the average chromatic diﬀerence between images as measured by angular
diﬀerences in sRGB space. (a) Original Image. (b) Reﬂectance estimates of the
method of Serra et al. [133]. (c) Reﬂectance estimates of the method of Barron et al.
[19]. (d) and (e) Reﬂectance estimates for [133] and [19], respectively, after removing
the eﬀects of the color of the illuminant and the camera sensors.
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(b) 9.6 ◦

(c) 2.4 ◦

Figure 4.10: Variability of relative and absolute reﬂectance of an object under two
diﬀerent illuminants. (a) Original image. (b) Theoretical relative reﬂectance. (c)
Theoretical absolute reﬂectance.

we measure the diﬀerence between the two relative reﬂectances and the diﬀerence
between the two absolute reﬂectances using the mean angular error. In column (b)
we show the relative reﬂectances of the object under the two illuminants projected
on the chromatic plane, while the corresponding absolute reﬂectances, projected on
the same plane, are shown in column (c). Since the angular diﬀerence between the
ground truth reﬂectance components of both images decreases considerably when the
eﬀects of the color of the illuminant and the camera sensors are removed from input
images, we conclude that the absolute reﬂectance (column (c)) is far more an “intrinsic” characteristic than the relative reﬂectance (column (b)) that has been commonly
used so far in the literature.

4.5

Discussion and conclusion

The main contribution of this chapter is a new theoretical framework for intrinsic
image decomposition which includes the photometric eﬀects of the illuminant of the
scene and the camera sensors. This model generalizes the previous formulations of
the problem. Another sound contribution of this work is the deﬁnition of absolute
reﬂectances, which are invariant to the color of the light source and the response of
the camera sensors.
As a direct consequence of our framework we can model camera eﬀects. When
the camera sensors are suﬃciently narrow band, the illuminant transformation model
is described by means of a diagonal matrix. When sensor responses are not narrow
band but known, spectral sharpening [50] can be applied. Otherwise, a full (i.e. non-
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diagonal) linear model is used. Furthermore, we can model scene illumination. This
is an important step towards the normalization of color through diﬀerent acquisitions
with the same device. We believe that for widely used sensors such as the Kinect,
such corrections could even be incorporated in the standard libraries for a wide use by
developers in any application that relies on accurate matching of surface appearances
across diﬀerent images.
Absolute reﬂectances could prove very useful to many applications. Imagine a
set of cameras placed outdoors with known camera sensors (e.g. transit cameras
placed along a highway). Illumination eﬀects will be very diverse depending on the
location of each camera and the time of the day and the year when the images were
taken. However, if we estimate the color of the illuminant using color constancy, then
we could infer an absolute reﬂectance image which would be very useful for further
computer vision tasks. Imagine we have multiple camera devices in a lab. We do not
know anything about their sensors, but we have control over the scene illumination
and know its spectral distribution. If we place an object with some known reﬂectance
values in the scene, we can estimate a sensor transformation for each camera. This
way, we can estimate absolute reﬂectance images for any camera. Finally, imagine we
have a camera with unknown sensors and we have no knowledge about the illuminant
either. However, we know or can approximate some reﬂectance values which appear in
the scene. This could lead to data-driven approaches for the inference of illuminant
and sensor type. Furthermore, one could envision absolute reﬂectance descriptors,
which would provide a characterization of object materials invariant to speciﬁc device
characteristics.

Chapter 5
New Datasets for Intrinsic Image
Evaluation
As we have previously seen in Chapter 2, building a dataset for intrinsic image estimation is challenging. The MIT dataset [71], for instance, presents some drawbacks that
prevent any extension in terms of number of scenes or generalization to real scenes.
Such a real ground truth collection is indeed very laborious: the same scene has to be
captured twice, once with the original object and once after spraying the object with
white paint to obtain the shading ground truth; polarizing ﬁlters are used to separate specular from Lambertian reﬂectance; and interreﬂections need to be avoided
because they would lead to false ground truth images [71]. As a result, the MIT
dataset presents some weaknesses: only single object scenes are present, all of them
are captured under a white illuminant, more complex and realistic lighting conditions
(i.e. multiple illuminants) are not considered, and interreﬂections are absent.
In [19], the MIT dataset was extended by synthetically relighting the images to
obtain a multi-illuminant dataset. However, this has not solved the main drawback
of the original dataset, namely the absence of complex realistic scenes with multiple
objects. Therefore, evaluation of intrinsic image methods needs new and more general
datasets which also provide accurate ground truth information for multiple intrinsic
characteristics of the scene also estimated by current methods (e.g. direction and
color of the illuminant, shape, etc.).
In this chapter we present two new datasets for intrinsic image evaluation which
aim to overcome some of the drawbacks of existing datasets. The ﬁrst dataset includes ground truth information about the illuminant of the scene and the camera
sensors. We will use this dataset to validate the general formulation for intrinsic image decomposition presented in the previous chapter. We will also show the inﬂuence
of both the illuminant of the scene and the camera sensors in the problem of intrinsic
image decomposition, remarking the need to model these factors in future methods
for intrinsic image decomposition. The second dataset has been built using computer
graphics. We will show how computer graphics can help us to easily build large ground
truth collections which include realistic scenes with complex illumination eﬀects.
89
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5.1

A Calibrated Dataset for Intrinsic Image Estimation

In Chapter 4, we showed how the illuminant of a scene and the camera sensors aﬀect
the ﬁnal color values in an image of the scene. We also proposed a novel framework
for intrinsic image decomposition which models both factors and generalizes previous
formulations.
In this section we present a calibrated dataset for intrinsic image evaluation which
includes ground truth information about the illuminant of the scene and the sensors of
the camera used in the acquisition process. Moreover, this dataset has been designed
to be general enough to serve as an evaluation tool for most of the existing methods,
as well as for future methods which ﬁt in our general framework.
Our dataset contains 20 objects with diverse shapes, materials and textures (see
Figure 5.1). These objects have been selected to provide a high variability of reﬂectances and thus encode diﬀerent levels of complexity for decomposition methods.
This dataset is available online∗ to further motivate authors to model the eﬀects of
the color of the illuminant and the camera sensors in their approaches.

Figure 5.1: Objects in our Dataset.

5.1.1

Methods and Materials

We used the procedure adopted to build the MIT dataset [71] to acquire the images
and recover accurate ground truth data. The lab in which we acquired the images of
the dataset consists of a room of about 2m height by 3m width by 3m depth. The walls
and the ceiling of the lab were covered with black felt to minimize interreﬂections, and
the table in the center of the room was sprayed with black matte paint. Moreover,
to avoid displacements of the objects during the ground truth acquisition process, we
ﬁxed the objects to a black platform located in the center of the table. We used the
sphere ﬁxation method described in [71], which allowed us to remove and replace the
platform (and the object) in the exact same position.
∗ http://www.cic.uab.cat/Datasets/photometric

intrinsic image dataset
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In order to provide diﬀerent illumination conditions in the dataset, three 2800K
(i.e. orangish) bulb lights were placed at diﬀerent positions in the lab. The diﬀerent directions of the bulb lights already provide three illumination conditions. Two
additional lighting conditions were set for each object by using two color ﬁlters (one
blue, another yellow) which were placed in front of one of the bulbs. In total, we
acquired each object under 5 illumination conditions consisting of diﬀerent illuminant directions and colors. The lamps were ﬁxed and remained untouched during
the whole process and the color ﬁlters could be easily placed and removed using an
independent system of hooks hanging from the ceiling. The colors of the light sources
have been recovered using a ColorChecker Digital SG of 140 patches from X-Rite
Photo [6], where the exact theoretical spectrum for each of its color patches is known.
Moreover, the 3-by-3 illuminant transformation matrices, have been recovered using
a least squares algorithm on images of the ColorChecker taken under the diﬀerent
illumination settings.
Finally, two cameras, namely a Nikon D5200 and a Sigma Foveon D10, were used.
The sensor responses of the Sigma camera have been obtained from [124], while the
ground truth information for the sensor eﬀects of the Nikon camera have been obtained from the DxOMark photography website [2]. Both cameras present signiﬁcant
diﬀerences in their sensor responses. In addition, when acquiring images under the
dim illumination of the lab, the Sigma camera provides challenging noisy images.
Both cameras were ﬁxed during the whole acquisition process and the positions of the
objects, light sources and cameras were completely determined from the beginning.
Figure 5.2 illustrates the distribution of the cameras and the light sources in our laboratory. The color ﬁlters that we used to modify the color of the illuminant are also
represented in this ﬁgure as colored regions placed next to the light bulbs.

5.1.2

Acquisition Process

The procedure to acquire ground truth data for a given object was as follows: we
ﬁrst ﬁxed the object to the platform and took three images with each camera (two
cameras) for each illumination setting (ﬁve diﬀerent settings). The images taken
with the same camera under the same illumination conditions were used to recover
a median image (where the value for each pixel (x, y) in the median image results
from the median value of the pixels (x, y) in the three images). This median image
decreases the amount of noise in our data, specially in the images captured with the
Sigma camera. We then applied the illuminant and sensor transformation matrices to
these images in order to remove the eﬀects of the illuminant and the camera sensors.
The transformed median images were denoted I i , where i stands for the ith lighting
condition.
Then, we removed the platform with the object, painted the object white and
replaced the platform using the ﬁxation method mentioned above to avoid displacements. We captured the object again with both cameras for each lighting condition.
We then applied the illuminant and sensor transformation matrices to these images.
i
, and their intensity images were used as
The transformed images were denoted Ishad
shading ground truth.
a
Finally, in order to recover accurate absolute reﬂectance values, Iref
l , and mini-
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Figure 5.2: Schema of our laboratory. We illustrate the position of the two cameras,
the three light bulbs and the object (in the center of the room). The color ﬁlters that
we used to change the color of the illuminant are also represented, as colored regions,
close to the light bulbs.

mize the errors produced when dividing low values found in highly shadowed regions
of the images, we used the equation

a
Iref
l

∑
Ii
= ∑ i∈Ldir i
,
i∈Ldir Ishad

(5.1)

where Ldir denotes the set of illumination conditions. In practice, we only used the
ﬁrst three illumination conditions (i.e. diﬀerent light source directions and no color
ﬁlter). Observe that we used multiple images of the same object taken under diﬀerent
light directions, as well as their white-painted counterparts. A similar process was
also used in the MIT dataset [71] to recover the intrinsic reﬂectance images. However,
in the MIT dataset white light was assumed and the eﬀects of the camera sensors were
ignored. As a consequence, the values of their reﬂectance images are inﬂuenced by
both factors.
The ground truth data provided for a given object can be seen in Figure 5.3. The
ﬁrst row presents the absolute reﬂectance of the object and its binary mask. The next
ﬁve rows represent diﬀerent illumination conditions. In each row the original image
is presented in the ﬁrst column, while its respective shading component can be seen
in the second column, and the third column provides a spherical representation of the
illuminant of the scene, showing both its direction and color.
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Figure 5.3: Example of the ground truth data we can provide for a single object and
camera.
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Experiments

In Chapter 4, we presented diﬀerent experiments which demonstrated the inﬂuence
that the color of the illuminant and the camera sensors have in the image values, and
indicated that both factors aﬀect the problem of intrinsic image decomposition. In
this section we aim to provide quantitative results about the inﬂuence of the color of
the illuminant and the camera sensors in the problem of intrinsic image estimation.
To validate the proposed model in Chapter 4 we use diﬀerent methods for intrinsic
image decomposition, namely Jiang et al. [90], Gehler et al. [60], Serra et al. [133],
and Barron and Malik [19]. We test these methods using the images in our dataset
in three diﬀerent scenarios, corresponding to some of the scenarios previously deﬁned
in Chapter 4:
Scenario 1 (SC1): It corresponds to the ideal case. We know both camera sensors
and scene light source. A full illumination model is assumed.
Scenario 3b (SC3b): Here the camera sensors are unknown (i.e. standard sensors are
assumed), but the scene illuminant is known. Observe that this scenario diﬀers
from scenario 3 because here the illuminant is estimated with a full model
instead of a diagonal model.
Scenario 4 (SC4): Here no knowledge of either the camera sensors (standard sensors
are assumed) or the lighting conditions (a canonical illuminant is assumed) is
available.
The local mean square error (LMSE) [71], is used to quantitatively evaluate the
reﬂectance estimates for the diﬀerent methods with respect to the ground truth absolute reﬂectance image. The LMSE has been questioned by some authors [90, 133].
However, it is still the most commonly used metric for intrinsic image evaluation.
The quantitative results of the evaluated methods, expressed in LMSE scores
considering the three RGB channels of the color image, are presented in Table 5.1.
These results show that the quality of the reﬂectance estimates is closely related to the
amount of information available about the scene and the acquisition process. When
information about the illuminant of the scene or the camera sensors is available, the
performance of the methods improves (i.e. the errors are reduced) in all cases.
When we compare the performance of the methods when no information about
the illuminant or the camera sensors is available (SC4) to the results they achieve
when the eﬀects of both factors are known or can be estimated (SC1), we see that,
on average, the mean LMSE scores of the methods decrease by 56.38% and 40.12%
for the cameras Nikon D5200 and Sigma Foveon D10, respectively. In particular,
the mean LMSE error for the method of Gehler et al. decreases by 70.66% when
tested with the Nikon D5200 images. Even for the method of Barron and Malik [19],
which uses priors on scene illumination and jointly estimates the direction and color
of the illuminant of the scene, we observe an impressive reduction of the LMSE when
the eﬀects of both the illuminant and the camera sensors are removed (67.48% and
50.59% for images acquired with the Nikon D5200 camera and the Sigma Foveon D10
camera, respectively). These results show the importance of modeling the eﬀects of
both the illuminant of the scene and the camera sensors in methods for intrinsic image
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estimation. From these results, we can derive that existing methods which assume
white light and sRGB sensors carry big errors in their intrinsic reﬂectance estimates.
However, some of the methods are more inﬂuenced by the eﬀect of the color of
the illuminant and the camera sensors than others. Observe, for example, that our
method [133] clearly outperforms all the other methods when there is no available
information about the illuminant of the scene or the camera sensors (SC4). Moreover,
other methods achieve better results than our method when both factors are known
(SC1).
Furthermore, notice that the mean LMSE errors for all methods are slightly higher
for the images acquired with the Sigma Foveon D10 camera. This may be a result of
the remaining noise in the images of the dataset. Although we reduced the noise of
the images for both cameras, as we have explained in the previous section, some noise
still remains, specially in the images acquired with the Sigma Foveon D10 camera.
However, this noise does not aﬀect dramatically the global performance of the diﬀerent
methods for intrinsic image decomposition. This is probably due to the fact that most
methods for intrinsic image decomposition enhance the smoothness of the shading
images and the sparsity of reﬂectance values.

Nikon D5200

Jiang et al.
Serra et al.
Gehler et al.
Barron & Malik

SC1
0.059
0.047
0.033
0.043

SC3b
0.077
0.054
0.050
0.047

Sigma Foveon D10

SC4
0.131
0.070
0.112
0.133

SC1
0.086
0.066
0.057
0.069

SC3b
0.095
0.065
0.065
0.072

SC4
0.154
0.077
0.115
0.140

Table 5.1: LMSE results of reﬂectance image estimates in diﬀerent scenarios.

In Figure 5.4, we show one object of our dataset acquired with two diﬀerent
cameras and under two diﬀerent illumination conditions (ﬁrst column). In the second
column we see the reﬂectance estimates provided by the method of Gehler et al.
[60] when there is no available information about the light source or the camera and
white light and sRGB sensors are assumed (SC4). In the last column, we show the
reﬂectance estimates for the same method when photometric information is available
(SC1). As expected, when the eﬀects of the illuminant of the scene and the camera
sensors are removed, the estimated reﬂectances are perceived as being more similar.
In this section we have provided ground truth data for intrinsic image evaluation
which includes information about the illuminant of the scenes and the camera sensors.
We have shown that any available knowledge about the color of the light source or
the camera model can be used by existing methods in intrinsic image decomposition
to provide considerably better reﬂectance estimates. We conclude that the general
framework introduced in Chapter 4, which models the eﬀects of both the color of the
illuminant and the camera sensors, should be used in further approaches in intrinsic
image decomposition.
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Figure 5.4: Removing the eﬀect of the illuminant and the camera sensors increases
the similarity between the diﬀerent estimated images. In the upper row we see an
object from the dataset acquired with the Sigma Foveon D10 camera and under a
reddish illuminant, while in the lower row we see the same object acquired with the
Nikon D5200 camera under a bluish illuminant. In the ﬁrst column we see the original
input images. In the second column we observe the reﬂectance estimates according to
Gehler’s method [60] when we assume white light and sRGB sensors. Finally, in the
third column we see the reﬂectance estimates of the same method when information
about the camera model and the illuminant of the scene is available and the eﬀects
of both factors have been removed.
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Synthetic Intrinsic Image Dataset

In this section we present a synthetic dataset for intrinsic image evaluation which
includes not only scenes displaying a single object illuminated by white light, but also
scenes including multiple objects and multiple non-white illuminants with complex
settings leading to interreﬂections. The objective of this new ground truth collection
is to overcome the shortcomings of the existing datasets for intrinsic image evaluation
and show an easy way to build ground truths for reﬂectance, shading, and illumination
from synthetic data which allows the collection of a larger and more complex set
of scenes. This dataset is available online† to further motivate research into more
complex reﬂectance models.
Recently, advances in digital 3D modeling software have enabled users to rely on
these rendering methods for graphical use, from digital animations and visual eﬀects in
movies to computer aided industrial design. Rendering is the process of generating a
2D image from a description of a 3D scene and is often done using computer programs
by calculating the projection of the model of the 3D scene over the virtual image
plane. Rendering programs are moving toward achieving more realistic results and
better accuracy using physics-based models in optics. There are various softwares
available which embed known illumination and reﬂectance models [126].
In this work, we have used Blender [1] to model the 3D scenes and YafaRay [5]
to render 2D images from these scenes. Both of these applications are free and open
source.

5.2.1

Motivation

In Chapter 4, we have seen that algorithms for intrinsic image decomposition can be
distinguished by their assumptions on the underlying reﬂectance models. We will use
Shafer’s reﬂection model [135], described in Chapter 4, to demonstrate the diﬀerences
between existing datasets and our dataset. In the MIT dataset [71] the illuminant
is considered to be white. This assumption is shared by most of the methods for
intrinsic image estimation [20, 60, 133]. Recently, Barron and Malik [19] relaxed this
assumption: they allowed the illuminant color to vary but only considered direct
illumination (ignoring interreﬂections). They constructed a dataset by synthetically
relighting the objects of the MIT dataset [19].
However, obtaining a precise ground truth for complex real scenes, such as landscapes, would be impracticable using the procedure described in [71]. Recently, the
use of synthetic data to train and test complex computer vision tasks has attracted
growing attention due to the increased accuracy of rendering engines to represent
the world. In addition synthetic data allows for easy access to the ground truth.
Marin et al. [116] and Vazquez et al. [150] showed that a pedestrian detector trained
from virtual scenarios can obtain competitive results on real-world data. Liebelt and
Schmid [107] used synthetic data to improve multi-view object class detection. Finally, Rodriguez et al. [128] generated synthetic license plates to train recognition
system.
† http://www.cic.uab.cat/Datasets/synthetic

intrinsic image dataset
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In this work, we create a synthetic dataset by using rendering techniques from the
ﬁeld of computer graphics. This allows us to remove the restriction other datasets put
on the illumination of the scene. In our dataset, the illuminant color and strength can
change from location to location. This allows us to consider more complex reﬂection
phenomena such as self-reﬂection and interreﬂection. To the best of our knowledge
this is the ﬁrst dataset of intrinsic images which considers these more complex reﬂections. Later in this section we analyze rendering accuracy for such reﬂection
phenomena.
Note that Shafer’s reﬂection model assumes that the materials have Lambertian
reﬂectances. Even though specular materials can be accurately rendered, we exclude
them from this dataset because most existing algorithms of intrinsic image decomposition are not able to handle non-Lambertian materials.

5.2.2

Global Lighting for Scene Rendering

In order to obtain more photo-realistic lighting for 3D scene rendering, a group of
rendering algorithms has been developed which is referred to as global illumination.
These methods, in addition to taking into account the light which reaches the object
surface directly from a light source, called direct lighting, also calculate the energy
which is reﬂected by other surfaces in the scene from the same light source. The latter
is also known as indirect lighting. This indirect lighting is what causes the reﬂections,
shadows, ambient lighting, and interreﬂections.
There are many popular algorithms for rendering global illumination (e.g. radiosity, raytracing, and image-based lighting). Among them, one of the most popular
methods is a two pass method called photon mapping, which was developed by Henrik Wann Jensen [88]. To achieve physically sound results and photo-realism in our
dataset we make use of the photon mapping method embedded in YafaRay. Figure
5.5 shows the importance of indirect lighting in order to render more realistic images.
For this purpose we compare the ﬁnal renderings of our dataset (a) to the renderings
which only consider direct lighting (images on the left). The diﬀuse interreﬂections
found in the ﬁnal renderings (b) contribute to provide a stronger sense of realism to
these images.

5.2.3

Analysis of Color Rendering Accuracy

Synthetic datasets should accurately model the physical reality of the real world in
order to be useful to train and evaluate computer vision algorithms. In this section we
analyze the accuracy of color rendering based on the diagonal model, as it is typically
done in the ﬁeld of computer graphics.
Full multispectral data is computationally very expensive. For this reason, rendering engines approximate Equation 4.9 with
∫
∫
p̂k = fr (λ)Sk (λ) dλ L (λ)Sk (λ) dλ,
(5.2)
Λ

Λ

where the integrals are over all wavelengths λ of the visible spectrum Λ. In vector
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(a) direct lighting

(b) photon mapping

Figure 5.5: Comparing diﬀerent rendering methods: direct lighting (a) and photon
mapping (b).
notation we could write this as
p̂ = fr ◦ L,

(5.3)

where we use bold symbols to denote vectors (i.e. p̂ = [pˆ1 , ..., pˆn ], where n is the
number of sensors k considered), ◦ is the Hadamard product, and
∫
fr = fr (λ)Sk (λ) dλ
(5.4)
Λ

∫

and
L=

L (λ)Sk (λ) dλ.

(5.5)

Λ

In real scenes the light which is coming from objects is not only composed of
reﬂection caused by direct lighting of the illuminant, but part of the light is reﬂected
from other objects in the scene. Considering both direct lighting and interreﬂection
from another surface we can write:
p̂ = fr1 ◦ L + fr2 ◦ fr1 ◦ L,

(5.6)

where the superscript is used to distinguish the material reﬂectance of diﬀerent objects. The accuracy of the approximations in Equation 5.3 and Equation 5.6 depends
on the shape and the number of sensors k considered. Typically rendering machines
apply three sensors, however it is known that rendering accuracy increases when considering more sensors [44, 40]. These additional sensors preserve additional spectral
information, which results in better representations of complex lighting eﬀects such
as interreﬂections.
To test the accuracy of the approximate values p̂k we perform a statistical analysis.
We use the 1269 Munsell color patches [4] and we compute both pk and p̂k (using
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Equations 4.9 and 5.2, respectively). For sensors Sk we use Gaussian shaped sensors
which are equally spaced over the visible spectrum. We compare the reconstruction
error
∥p (x) − p̂ (x) ∥2
ε=
.
(5.7)
∥p (x) ∥2
for the cases of three, six and nine sensors. We consider both reﬂections with a
single bounce (Equation 5.3) and with two bounces (Equation 5.6). We use the
standard D65 daylight illuminant. Dark patches were discarded because they cause
the reconstruction error to be unstable.
sensors
3
6
9

One bounce
mean (%) s.d. (%) max (%)
0.58
0.44
2.88
0.19
0.14
1.25
0.12
0.08
0.86

Two bounces
mean (%) s.d. (%) max (%)
1.38
1.62
23.84
0.55
0.55
9.06
0.34
0.29
3.77

Table 5.2: Reconstruction error for single and two bounce reﬂection for 3, 6, and 9
sensors.
Table 5.2 shows the results of the experiment. For a single bounce the three
sensor approximation, which is common in graphics, is acceptable and only leads
to a maximum error of 2.88%. However, if we consider interreﬂections the maximum error reaches the unacceptable level of 23.84%. Observe that both the mean
and standard deviation of the errors decreases considerably when six or nine sensors
are being used. Based on these results, we have chosen to use a 6 sensors system
to propagate the multispectral color information, resulting in a maximum error of
9.06%. This can be conveniently achieved by running existing rendering softwares
(built for 3 channel propagation) twice for three channels [44, 40]. The resulting 6
channel image is projected back to a RGB image using linear regression. Although
our results show that using 9 sensors would provide more accurate renderings, we
have considered that the computational cost of using more than 6 sensors is too high.
In the only dataset of intrinsic images containing multi-illuminants [19], illuminants
were introduced synthetically by using a 3 channel approximation. Since this dataset
only considers direct lighting, our analysis shows that this is suﬃcient. However, in
the case of interreﬂections, synthetically relighting real-world scenes would introduce
signiﬁcant error.
Next, we address the importance of indirect lighting in scenes. For this purpose we
compare the ﬁnal renderings of our complex scenes to the renderings which only consider direct illumination (rendering programs allow for this separation). We compare
the total energy in both renderings using the ratio
∑ 1
p (x)
x
(5.8)
r= ∑ ∞
∥p (x)∥
x
∞

1

where p is the ﬁnal rendering and p is the single bounce rendering. For the nine
complex scenes we found an average of r = 0.83, showing that a signiﬁcant amount of
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lighting in the scene is coming from interreﬂections, thus providing a stronger sense
of realism to our rendered images.

5.2.4

Proposed dataset

Our dataset consists of two sets of images: single objects and complex scenes. Our
aim is to use the ﬁrst set of images to simulate scenes which are similar to the scenes
of the MIT dataset. The second set is to our knowledge the ﬁrst set of complex scenes
for intrinsic image estimation which has an accurate ground truth, not only for the
typical reﬂectance and shading decomposition, but also for the illuminant estimation.
There are 8 objects in the ﬁrst set. They vary in complexity for their shape and
color distribution. The complex scenes, on the other hand, consist of various complex
objects (e.g. furniture) which result in diﬀuse interreﬂections and complex shadows.
Overall, there are 9 scenes in the second set. All the colors of the objects present
in the scenes are taken from the Munsell colors, since we know their multispectral
reﬂectance values. All the single object and complex scenes in our dataset are rendered
under 4 diﬀerent illumination conditions (i.e. white light, colored light, and 2 cases
of multiple illuminants with distinct colors). This leads to a total of 32 images in
the single-object set and 36 in the complex-scene set. The illuminants are randomly
chosen from a list of Planckian and non-Planckian lights from the Barnard dataset
[17].

Figure 5.6: Single object scenes included in our dataset.

Figures 5.6 and 5.7 show, respectively, the single object and complex scenes included in our dataset. Figure 5.8 shows examples of the ground truth we provide
with the dataset. Finally, Figure 5.9 shows two scenes of the dataset under diﬀerent
illumination conditions.
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Figure 5.7: Complex scenes included in our dataset.

Figure 5.8: Two examples of ground-truth decomposition. For both rows, from left
to right: the rendered scene, reﬂectance component, and shading-illumination.

5.2.5

Experiments

In order to show that our dataset is suitable to evaluate methods for intrinsic image
decomposition, we compare four diﬀerent methods for intrinsic image decomposition
which were state-of-the-art [19, 60, 133, 90] at the time of publication. For this
experiment, we have used the methods whose codes were publicly available, keeping
the default parameters. Therefore, we have not trained the models on this speciﬁc
dataset.
For each of the subsets of our dataset, namely single objects and complex scenes,
we have analyzed the methods on three illumination conditions: white light (WL),
one non-white illuminant (1L), and two non-white illuminants (2L). The mean results
for each illumination condition have been computed.
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Figure 5.9: Two examples from the dataset under diﬀerent illumination conditions.
For both columns, from top to bottom: white illuminant, single-colored light, and
two distinct colored illuminants.
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Errors have been evaluated with the local mean squared error (LMSE) and considering the three RGB channels of the color image [71]. As reﬂectance images can
be recovered only up to a scale factor, we have multiplied the estimated reﬂectance
images by an α factor which has been ﬁtted for each local patch to minimize the MSE.
Tables 5.3 and 5.4 summarize the results for the reﬂectance and shading estimates
of diﬀerent approaches for intrinsic image decomposition. The error for all methods
varies accordingly to the complexity of the illumination conditions, being lower when
scenes are illuminated by white light and increasing when multiple light sources and
colored illuminants are considered. The shading evaluation is relatively invariant
to illuminant changes because it discards color information. The lower errors on the
complex scenes are caused by large uniform colored objects which result in low LMSE.
The method of Serra et al. [133] obtains the best results. However, visual inspection
of the results revealed that the design of new error measures is a necessity for intrinsic
image evaluation, since visual ranking of the accuracy did often not agree with the
LMSE error based ranking. Observe that the method of Barron and Malik [19] needs
masked input images, since it uses a prior on shape based on contours. Therefore,
we just applied this method to the complex scenes in our dataset for the sake of
completion, deﬁning masks of the same size of the images.

Method
Barron & Malik [19]
Gehler et al. [60]
Serra et al. [133]
Jiang et al. [90]

Single Objects
Reﬂectance
Shading
WL
1L
2L
WL
1L
0.082 0.099 0.102 0.043 0.046
0.089 0.113 0.123 0.043 0.045
0.063 0.069 0.076 0.021 0.022
0.160 0.161 0.161 0.040 0.043

2L
0.054
0.051
0.025
0.050

Table 5.3: LMSE results of three intrinsic image methods on the single object scenes
included in our dataset. Errors for reﬂectance and shading are given separately for
the sake of clarity. Results for white illumination (WL), one illuminant (1L), and two
illuminants (2L) are averaged.

Method
Barron & Malik [19]
Gehler et al. [60]
Serra et al. [133]
Jiang et al. [90]

Complex
Reﬂectance
WL
1L
2L
0.020 0.059 0.039
0.018 0.067 0.040
0.027 0.041 0.033
0.069 0.070 0.070

Scenes
Shading
WL
1L
0.011 0.014
0.007 0.009
0.006 0.006
0.013 0.013

2L
0.014
0.009
0.007
0.013

Table 5.4: LMSE results of three intrinsic image methods on the complex scenes
included in our dataset. Errors for reﬂectance and shading are given separately for
the sake of clarity. Results for white illumination (WL), one illuminant (1L), and two
illuminants (2L) are averaged.
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Discussion and Conclusion

In this chapter, we have presented two new datasets for intrinsic image evaluation.
First, we focused on the importance of the eﬀects of both the illuminant of the
scene and the camera sensors during the image acquisition process (described in
Chapter 4). In order to demonstrate how these factors aﬀect the estimates of existing methods of intrinsic image decomposition, we built a calibrated dataset which
includes ground truth information on the eﬀects of the illuminant and the camera
sensors. This dataset is one sound contribution of this thesis.
In order to validate the general formulation that we introduced in Chapter 4, we
used our real dataset to evaluate diﬀerent methods of intrinsic image estimation. Our
results indicate the importance of modeling the eﬀects of the color of the illuminant
and the camera sensors in the formulation of intrinsic image decomposition in order
to obtain more accurate reﬂectance estimates.
Second, we encouraged the collection of large intrinsic synthetic image datasets.
These datasets allow the evaluation of methods of intrinsic image decomposition in
complex scenes and under complex illumination conditions. In order to do that, we
presented a synthetic dataset containing both simple objects, resembling those in
the MIT dataset [71], and complex scenes. All the scenes in the dataset have been
rendered under diﬀerent illumination conditions, ranging from a single white illuminant to multiple colored light sources. In this dataset, complex illumination eﬀects
such as interreﬂections have also been modeled. This dataset is another important
contribution of this work.
We validated our dataset with diﬀerent methods, and showed that the results we
got are consistent with the ones these methods achieved when they were evaluated
with the MIT dataset. Therefore, we claim that it is possible to apply the idea of
knowledge transfer that has been successfully used in other ﬁelds such as pedestrian
detection [116, 150] to the problem of intrinsic image estimation.
The use of synthetic data enables the collection of large and diverse datasets for
intrinsic image evaluation, and rendering engines provide straightforward and accurate
ground truth data for multiple scene characteristics.
Finally, we include our datasets to Table 2.5, presented in Chapter 2, in order to
compare our ground truth collections with the other datasets that have been used so
far for intrinsic image evaluation.
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Dataset
Crayola [145]
MIT [71]
extended MIT [20]
MPI-Sintel [35]
Bell et al. [28]
Our Synthetic Dataset [24]
Our Calibrated Dataset

Acquisition
Data
Objects
Laboratory
46
Laboratory
20
Synthetic
20
Synthetic
35*
Natural
5000
Synthetic
17
Laboratory
20

Shad. & Reﬂ.
X
X
X
X
X
X
X

X
X

X

Ground Truth
Specularities Depth Illuminant
X
X

X
X

Sensors

X

Table 5.5: Comparison of the existing datasets for intrinsic image evaluation. * Sequences with diﬀerent numbers of frames (50
on average).

Chapter 6
Conclusions and Future Work
In this thesis we have analyzed many aspects of one fundamental problem in the ﬁeld
of computer vision: the decomposition of a single image into its intrinsic characteristics. We have also presented several novel contributions to this problem. From these
contributions we have drawn multiple conclusions, which have already been exposed
separately in the previous chapters. All these conclusions are reviewed together in this
chapter. We also suggest some possible extensions and applications of the research
lines that have been described in this thesis and discuss the recent trends in the ﬁeld
of intrinsic images and their potential developments.

6.1

Conclusions

We introduced the problem of intrinsic image estimation in the ﬁeld of computer
vision in Chapter 1. We also presented the background of the problem, showing the
relationship of intrinsic images with art techniques, the human visual system and
human perception. Additionally, we mentioned topics such as color constancy or
sensor calibration whose photometric eﬀects have a big inﬂuence in the problem of
intrinsic image estimation but had never been considered in the ﬁeld so far.
In Chapter 2 we provided an exhaustive overview on the diﬀerent existing methods
for intrinsic image estimation, taking into account diﬀerent information such as the
assumptions that authors make about the world or the visual cues the methods use to
constrain the space of solutions of the decomposition problem. We also presented the
multiple datasets and metrics that have been used so far to evaluate these methods.
This review of the intrinsic image literature in the ﬁeld of computer vision is one of
the contributions of this thesis.
We observed that emerging methods are using input information from multiple
sources such as video, image collections or RGB-D images. This extra information
simpliﬁes the problem of intrinsic image decomposition. At the same time, deep
learning methods and advanced optimization techniques such as high-order MRFs
are being used in order to jointly estimate multiple intrinsic characteristics of the
scene, unifying diﬀerent problems such as shape-from-shading, color constancy or
shadow-removal.
107
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The joint estimation of multiple intrinsic characteristics may seem to add complexity to this already underconstrained problem. However, the inclusion of multiple
intrinsic characteristics of the scene into the formulation of the problem allows the
simpliﬁcation of the decomposition problem, since most of these characteristics are
closely related to each other, and each of them presents some regularities which can
be exploited to bound the space of plausible solutions.
In Chapter 3 we presented a method for intrinsic image decomposition which
combines observations from two color cues in a conditional random ﬁeld. One of the
cues is based on the semantic terms that human beings use to describe color. We
showed that color-name descriptors, based on psychophysical data, provide a sparse
set of color values to describe the reﬂectances in the scene. Color sparsity makes color
names more robust for describing object reﬂectance than any color descriptor based
on standard color spaces, such as RGB values.
The second cue is based on an analysis of color distributions in the histogram
space and provides a consistent description of surfaces sharing the same reﬂectance.
This attribute captures the continuity of material color through shading variations,
enhancing the stability of color names against strong changes in illumination due to
shadows and highlights.
In our method, a graph cut algorithm is used to minimize the energy function, and
a post-processing step is applied in order to enforce the smoothness of the shading by
locally modifying the intensity of the diﬀerent reﬂectance descriptors in the reﬂectance
intrinsic image. The estimation of intrinsic reﬂectance images using a combination of
these color cues is a sound contribution of this thesis [133].
In Chapter 4 we described a generic theoretical framework for intrinsic image estimation. The proposed mathematical formulation includes information about the color
of the illuminant and the eﬀects of the camera sensors, both of which contribute to
the observed color of the reﬂectance of the objects in the scene during the acquisition
process. This model allows us to represent a wide range of intrinsic image decompositions depending on the speciﬁc assumptions on the geometric properties of the
scene conﬁguration and the spectral properties of the light source and the acquisition
system, thus unifying previous models in a single general framework. By modeling
these eﬀects, we get a “truly intrinsic” reﬂectance image, called absolute reﬂectance,
which is invariant to changes of illuminant or camera sensors.
We validated our general intrinsic image framework experimentally with both
synthetic data and natural images, and showed that the eﬀects of both the illuminant
of the scene and the camera sensors are critical for the problem of intrinsic image
decomposition. Moreover, we demonstrated that even partial information about the
illuminant and the camera sensors improves signiﬁcantly the estimated reﬂectance
images, thus making our method widely applicable.
The deﬁnition and validation of this theoretical framework for intrinsic image
decomposition and the deﬁnition of absolute reﬂectances are important contributions
of this thesis [134].
In Chapter 5 we presented a dataset for intrinsic image evaluation which includes
ground truth data about the illuminant of the scene as well as the camera sensors.
This dataset was also used to validate our theoretical framework, and is in its own
another contribution of this thesis.
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From our experiments we derived that existing methods which assume white light
and sRGB sensors carry big errors in their intrinsic reﬂectance estimates. We concluded that it is necessary that future methods for intrinsic image estimation model
the eﬀects of both the illuminant of the scene and the camera sensors.
Finally, we presented a synthetic dataset containing both single objects and complex scenes under multiple illumination conditions. We analyzed the accuracy of color
rendering based on the diagonal model and showed that the use of 6 sensors, instead
of 3 (RGB sensors are commonly used), resulted in better rendered images. We also
showed that current methods can be evaluated with such a dataset, and the results
they provide with our dataset are coherent with those achieved with the MIT dataset.
We concluded that computer graphics software and rendering engines allow us to
easily build large synthetic datasets. Moreover, ground truth information for multiple
intrinsic characteristics can be directly computed. Therefore, synthetic ground truth
collections oﬀer a realistic alternative to existing datasets for intrinsic image evaluation. This dataset is another contribution of this thesis [24].
To sum up, in this thesis we have studied the problem of intrinsic images in the
ﬁeld of computer vision from multiple perspectives. To start with, we have proposed
a method for intrinsic image estimation. We have next deﬁned a theoretical model
for intrinsic image decomposition. We have built two new datasets for intrinsic image
evaluation, acquiring ground truth data from natural images in a lab and rendering synthetic scenes using computer graphics software and rendering engines. The
principal novel contributions of this work are listed below.
• This thesis provides an exhaustive review of the intrinsic image literature in the
ﬁeld of computer vision.
• This thesis uses color cues based on psychophysical data and color distributions
for the estimation of intrinsic reﬂectance images.
• This thesis deﬁnes and validates a theoretical framework for intrinsic image
decomposition which includes information about the color of the illuminant and
the eﬀects of the camera sensors and extends previous existing formulations.
• This thesis also deﬁnes a new intrinsic term, called absolute reﬂectance, which
is invariant to changes of illuminant or camera sensors.
• This thesis presents a new dataset for intrinsic image evaluation which contains
information about the illuminant of the scene and the camera sensors.
• This thesis introduces a synthethic collection of ground truth data for intrinsic image evaluation containing both simple objects and complex scene under
diﬀerent illumination conditions.

6.2

Future Work

This thesis provides multiple novel contributions in the ﬁeld of intrinsic image estimation. These contributions can be considered as the starting point for new lines of
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research. In this section we will ﬁrst present some of our ideas to extend and improve
our work, and then will provide a general analysis on the recent trends in intrinsic
image decomposition.

6.2.1

Future Research and Applications

We present here some proposals to extend the lines of research presented in this thesis
as well as some possible applications of our contributions.
We have multiple ideas in order to improve the method for intrinsic image estimation that we presented in Chapter 3. In this work, we discretized the set of possible
labels by allowing combinations of at most 3 diﬀerent labels taking 4 diﬀerent nonzero values and imposing their sum to be 1. Increasing the number of labels does
not seem to make any sense since in the color-name descriptor used in our method
[30] there are just a few values located in junctions of more than 3 diﬀerent colors.
However, increasing the number of possible non-zero values, could lead to a more
robust representation of the reﬂectances in the image. Another idea is the deﬁnition
a better metric, based on human perception, to measure the distance between two
labels. Although we tested, in this thesis, diﬀerent confusion matrices based in the
psychophysical data from Benavente et al. work [30], the α-expansion graph cut algorithm that we used to optimize our energy function forced us to deﬁne a metric
satisfying the triangle rule. A ﬁnal idea in this direction is the deﬁnition of a new
set of weights in the pair-wise potential, based on observations of the color shade
descriptor, which could lead to better reﬂectance estimates.
In a diﬀerent direction, we also propose to extend our method to jointly estimate
illumination and shape properties of the scene, similarly to what Barron and Malik
did in [19]. This could be done by using high-order MRFs and redeﬁning our energy
function accordingly using existing methods on shape-from-shading and color constancy which are also deﬁned in probabilistic frameworks. Using RGB-D images as
an input for our method would also be interesting since our method focuses on estimating the reﬂectance image, and an approximate depth information input could be
used to impose some restrictions on the shading image, thus improving the inference
on the reﬂectance component.
Balagué explored some of the ideas mentioned above in [15]. The author analyzed
the inﬂuence of the number of possible color-name labels on the results. He increased
the number of possible non-zero values and showed that when the number of possible
labels was bigger, the estimated color values in the reﬂectance images looked qualitatively closer to the colors in the ground truth reﬂectance images. However, the
quantitative results did not improve signiﬁcantly and computational time was dramatically increased. Balagué also performed a thorough analysis of diﬀerent confusion
matrices by using an optimization algorithm which was less restrictive. Nonetheless,
the use of diﬀerent confusion matrices did not result in better intrinsic estimates.
Finally, Balagué also tried to modify the structure of the MRF by deﬁning a new set
of weights in the pair-wise potential. Adding these new weights did not result in any
signiﬁcant improvement. However, the author suggested that deﬁning a continuous
function to determine these weights, instead of using thresholds, could result in better
intrinsic image estimates. Although Balagué presented in [15] a ﬁrst analysis on some
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of our ideas, a thorough analysis still needs to be done.
In Chapter 4, we concluded that the eﬀects of the illuminant of the scene and the
camera sensors inﬂuenced a lot the performance of existing methods in intrinsic image
estimation. Although some methods have already considered the illuminant of the
scene [19, 21, 38] in their formulation, to the best of our knowledge camera sensors
have been completely ignored so far. These photometric eﬀects should be modeled in
future approaches for intrinsic image decomposition.
In big collections of images, such as Flickr, information about the camera device
used to acquire the image is usually available. We propose to use this information to
build a method that, given an image, estimates the model of the camera that was used
to take the image. Such a camera estimator would simplify the problem of recovering
absolute reﬂectance images and could also be applied to other ﬁelds such as image
forensics, which focuses on identifying the source of a digital images without having
any prior information about these images.
Multi-view stereo techniques infer the shape of a scene given multiple pictures of
this scene taken from diﬀerent points of view. If we were able to remove illuminant
and camera sensor eﬀects from images, this would beneﬁt multi-view stereo techniques, since the big collections of images that exist on the internet could be used to
recover the shape of multiple scenarios. For example, we could use multiple images
of the Sagrada Famı́lia from Flickr, taken with diﬀerent cameras and under diﬀerent
illumination conditions, to recover the 3D shape of the sanctuary.

6.2.2

Recent Trends in the Field of Intrinsic Images

After reviewing the literature on intrinsic images in computer vision in Chapter 2,
we observed that the recent trends in the ﬁeld are focused on the joint estimation of
multiple intrinsic components, including scene characteristics such as the depth and
orientation of the objects or the color and direction of the illuminants in the scene.
This is an important step towards the uniﬁcation of multiple problems in the ﬁeld of
computer vision which estimate diﬀerent intrinsic characteristics of the scene, such as
shape-from-shading, color constancy or specularity removal techniques.
Other problems related to high-level attributes of a scene such as object segmentation, semantic labeling or optical ﬂow, have also been combined with the problem
of intrinsic image estimation achieving great results.
In our opinion, the future of this joint estimation will be basically aﬀected by two
factors. The ﬁrst one is the use of extra input information which may simplify the
decomposition problem, such as RGB-D images, videos or internet image collections.
This factor is closely related to the development of technology.
The other is the development of powerful computational techniques able to optimize complex energy functions such as those deﬁned with high-order MRFs, fast and
eﬃciently. Other advanced techniques, such as deep learning methods, have recently
provided promising results in the ﬁeld of computer vision as well.
The evaluation of the problem must evolve in conjunction with the methods. Since
most current methods estimate multiple intrinsic components, we emphasize the urge
to build larger datasets which contain accurate ground truth data of these components, thus enabling the quantitative evaluation of actual and future approaches.
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Since building datasets for intrinsic image evaluation has proved to be a challenging problem, we propose the use of synthetic data to build future datasets. Nowadays,
extremely realistic scenes can easily be reproduced using computer graphics software
and rendering engines. Moreover, exact information from multiple intrinsic components of the scene can be recovered straightforwardly.
Although synthetic datasets have already been used for intrinsic image evaluation,
a lot of work still needs to be done in this direction. The MPI-Sintel dataset [35] was
not speciﬁcally created for the purpose of intrinsic image evaluation, and the new
synthetic dataset [24], presented in Chapter 5, has just been a ﬁrst step towards
the use of synthetic data for intrinsic image evaluation. However, new collections of
synthetic data, containing a larger number of complex scenes and including ground
truth information about multiple intrinsic components, are still necessary.
We also observed the drawbacks of the multiple existing measures for intrinsic
image evaluation. It is important to deﬁne new standard metrics which overcome the
problems of previous similarity measures. In our opinion, each intrinsic component
should be evaluated with a diﬀerent metric. In particular, special attention should be
given to the evaluation of color diﬀerences in the reﬂectance image, since Euclidean
distances in most color spaces are not correlated with human perception.

Appendix A
Discretization of the color-name
descriptor
Given an image, the output of the color-name descriptor consists of 11-dimensional
arrays containing in each position the probability of a given RGB value to belong to
each of the 11 universal color classes deﬁned by Berlin and Kay in their anthropological
work [31]. These vectors satisfy the two following properties:
• Their values are non-negative real numbers.
• Their values sum to 1.
In order to make our algorithm computationally eﬃcient, we need to reduce the
number of possible labels while preserving the two properties mentioned above. Thus,
we discretize the set of possible values, making the non-zero values (three at most) to
lay within the set {0.25, 0.5, 0.75, 1} and imposing their sum to be 1 .
This leads to four kinds of labels: a single value is non-zero, two values are non-zero
(two cases), and three values are non-zero. Each of these kinds of label can be seen
as a permutation with repetition of n elements, where the ﬁrst element is repeated
a times, the second b rimes, the third c times, etc. Therefore, we can calculate the
number of possible labels of each kind using the following formula:
Pna,b,c... =

n!
, n = a + b + c + ...
a!b!c!...

(A.1)

These are the four kinds of labels we can ﬁnd:
• Labels containing a single non-zero value (1): Permutations of eleven elements, where the ﬁrst element, 0, is repeated 10 times, and the second element,
1, just appears once.
11!
10,1
= 11
P11
=
10!1!
• Labels containing two equal non-zero values (0.5, 0.5): Permutations of
eleven elements, where the ﬁrst element, 0, is repeated 9 times, and the second
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element, 0.5, twice.
9,2
P11
=

11!
= 55
9!2!

• Labels containing two diﬀerent non-zero values (0.25, 0.75): Permutations of eleven elements, where the ﬁrst element, 0, is repeated 9 times, and the
second (0.25) and third (0.75) elements, once.
9,1,1
P11
=

11!
= 110
9!1!1!

• Labels containing three non-zero values (0.5, 0.25, 0.25): Permutations
of eleven elements, where the ﬁrst element, 0, is repeated 8 times, the second
element, 0.5, once, and the third element, 0.25, twice.
8,2,1
P11
=

11!
= 495
8!2!1!

Although these theoretical computations give 671 possible labels, most of them
are never found in practice. This makes sense because in the color-naming model
we use [30] almost all color borders are shared by 3 colors or less. Therefore, many
labels, such as the one deﬁning a color as having probability 1/2 of being red and 1/2
of being green, never happen. Thus, only considering labels with up to three positive
coordinates is enough to accurately describe the whole RGB space. In the end, only
250 diﬀerent labels are actually used.

Appendix B
Illumination Conditions
A Planckian light source represents the radiation emitted by a black body at temperature T . Its spectral distribution is described by Planck’s law, which is given
by
{c }
)−1
c1 (
2
R(λ, T ) = 5 exp
−1
,
(B.1)
λ
Tλ
where the radiation, R, is a function of the wavelength, λ, and the temperature, T ;
and c1 and c2 are constants. The sun and incandescent light sources are examples of
Planckian light sources. Common examples of non-Planckian illuminants are lightemitting diodes (leds) and ﬂuorescent lamps. The Planckian illuminants used in our
experiments were selected to cover a big range of common color temperatures (Figure
B.1(a)), while the non-Planckian light sources were randomly selected from Barnard
et al. dataset [17] (Figure B.1(b)).
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(a)

(b)

Figure B.1: Spectral power distribution of the 10 illuminants used in the experiment
with synthetic data. (a) Planckian illuminants. (b) Non-Planckian illuminants.

Appendix C
Database images
We present here all the images included in the two datasets that we have already
presented in Chapter 5.

C.1

Calibrated Dataset

We show in this section all the objects in our calibrated dataset for intrinsic image
evaluation described in Chapter 5. Our dataset contains 20 objects. Images of these
objects have been acquired in a laboratory using 2 cameras, the Nikon D5200 and
the Sigma Foveon D10, and 5 illumination conditions (a total of 200 images). All
the objects are shown below. For each object, we see the images acquired with the
Nikon D5200 camera in the ﬁrst row, and the images acquired with the Sigma Foveon
camera in the second row. Moreover, each column corresponds to one illumination
condition. The ﬁrst three columns correspond to the illumination conditions where
no color ﬁlter have been applied. Thus, only the direction of the light source diﬀers
in these images. The images in the fourth column have been acquired under a bluish
illuminant (i.e. a blue color ﬁlter has been placed in front of one of the light bulbs).
The last column corresponds to the illumination condition where a yellowish color
ﬁlter has been placed in front of one of the light bulbs.
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C.1. Calibrated Dataset
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C.1. Calibrated Dataset
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C.1. Calibrated Dataset
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C.2. Synthetic Dataset

C.2
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Synthetic Dataset

We show in this section all the objects in our synthetic dataset for intrinsic image
evaluation described in Chapter 5. Our dataset contains 68 images. These images
represent both simple objects and complex scenes. In Figure C.1 we show the 8
scenes with a single object, which have been rendered under four diﬀerent illumination
conditions (32 images of single objects). In Figure C.1 we show three diﬀerent points
of view of 3 complex scenes under four diﬀerent illumination conditions (a total of
36 images representing complex scenes). In both ﬁgures, the images in the ﬁrst
column are illuminated with white light, the images in the second column contain
one colored light, and the images in the third and fourth columns are rendered with
two illuminants with distinct colors. All the images in this section have been gamma
corrected for visualization purposes.
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Figure C.1: Images of single objects in our synthetic dataset.

C.2. Synthetic Dataset

Figure C.2: Images of complex scenes in our synthetic dataset.
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[15] Ricard Balagué. Exploring the combination of color cues for intrinsic image decomposition. Master’s thesis, Computer Vision Center - Universitat Autònoma
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