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Intrinsic Image Decomposition via Ordinal Shading

CHRIS CAREAGA and YAĞIZ AKSOY, Simon Fraser University, Canada

Fig. 1. (Top) We propose a two-step pipeline for intrinsic decomposition. We first estimate low- and high-resolution ordinal shading maps that provide global
and local constraints. We then estimate the full intrinsic decomposition using these ordinal inputs. Our decomposition results can be used for applications like
recoloring and relighting. (Bottom) When compared to prior works, our method generates high-quality results on challenging images in the wild without
leaking textures between each component and accurate shading values around specularities. Images from Unsplash by Miguel Ibáñez (top) and Debby Hudson.

Intrinsic decomposition is a fundamental mid-level vision problem that plays
a crucial role in various inverse rendering and computational photography
pipelines. Generating highly accurate intrinsic decompositions is an inher-
ently under-constrained task that requires precisely estimating continuous-
valued shading and albedo. In this work, we achieve high-resolution intrinsic
decomposition by breaking the problem into two parts. First, we present a
dense ordinal shading formulation using a shift- and scale-invariant loss in
order to estimate ordinal shading cues without restricting the predictions to
obey the intrinsic model. We then combine low- and high-resolution ordinal
estimations using a second network to generate a shading estimate with both
global coherency and local details. We encourage the model to learn an ac-
curate decomposition by computing losses on the estimated shading as well
as the albedo implied by the intrinsic model. We develop a straightforward
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method for generating dense pseudo ground truth using our model’s pre-
dictions and multi-illumination data, enabling generalization to in-the-wild
imagery. We present exhaustive qualitative and quantitative analysis of our
predicted intrinsic components against state-of-the-art methods. Finally, we
demonstrate the real-world applicability of our estimations by performing
otherwise difficult editing tasks such as recoloring and relighting.
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1 INTRODUCTION
Intrinsic image decomposition is a fundamental mid-level vision
problem that aims to represent an image as the product of the
reflectance of the materials and the effect of illumination in the
scene:

𝐼 = 𝐴 ∗ 𝑆, (1)
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Fig. 2. Our method is able to generate accurate shading and albedo for high-resolution in-the-wild imagery. When compared to prior approaches, our method
is able to properly predict intrinsic components for images outside of the training distribution such as human faces. Our estimations are also accurate in
difficult regions where both albedo and shading vary without leaking textures between each component. Thanks to our formulation, we are the only method
that can accurately predict shading values on specular surfaces such as the black jacket and the light post. Top image from Unsplash by Mauro Lima.

where 𝐼 ,𝐴, and 𝑆 represent the input image, the (Lambertian) albedo,
and the shading, respectively. Since intrinsic decomposition sepa-
rates the illumination-invariant scene properties from the illumi-
nation-dependent lighting effects, it is a critical component for a
wide range of computational photography pipelines such as relight-
ing, recoloring, and compositing. Realistic image editing through
intrinsics requires accurate decompositions at high resolutions for
in-the-wild photographs. Prior data-driven methods have not been
able to live up to these requirements [Bonneel et al. 2017; Garces
et al. 2022] and as a result, intrinsic computational photography
methods have not yet been widely adopted by digital artists.

The intrinsic model in Equation 1 is inherently under-constrained,
as well as scale-invariant – i.e. for a given A and S, 12𝐴 and 𝑐𝑆 also
satisfy the model for all 𝑐 ¡ 0. Shading is a continuous-valued
map that represents the complex interactions between the light
sources, the 3D geometry, and the material properties present in
the scene. This makes intrinsic decomposition a high-level problem
wherein neural networks have to rely on contextual information
in the scene. These challenges are coupled with the lack of dense
ground-truth data on real-world images. Due to the complexity of

the problem, state-of-the-art intrinsic decomposition models fail to
produce accurate results at high resolutions in thewild. In this paper,
we achieve high-resolution intrinsic decomposition by breaking
the problem into two. We first develop a scale- and shift-invariant
(SSI) dense shading estimation formulation that we call ordinal
shading. In this formulation, we relax the constraint to satisfy the
intrinsic model while enforcing the estimation of reliable ordinal
relationships between pixels in the dense output. We show that our
simplified ordinal problem definition makes it possible to estimate
shading smoothness and discontinuities at high resolutions.
In the second step, we make use of two dense ordinal shading

maps generated at two different resolutions. The low-resolution
ordinal shading is generated at the receptive field resolution of the
ordinal network, providing global ordinal constraints. The second
ordinal shading is generated at a much higher resolution to provide
highly detailed shading discontinuities as local constraints. We feed
these two ordinal maps together with the image to a second network
that enforces the intrinsic model through losses on both albedo and
shading.With high resolution ordinal constraints readily available to
the network, we show that we can generate highly detailed intrinsic
decompositions that can be used in image editing tasks.
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Fig. 3. Most deep learning approaches separately predict albedo and shading components, only encouraging reconstruction via losses between the input
image and the combined intrinsic components. In contrast, our method only predicts shading and uses the intrinsic image formulation to yield the implied
albedo component. This formulation ensures perfect reconstruction which is necessary for image editing applications.Image from Unsplash by Debby Hudson.

Intrinsic decomposition networks are typically trained on syn-
thetic data with some real-world data with sparse ground-truth
annotations. To train our networks with high-resolution real-world
dense ground truth data, we derive a dataset from the Multiple Illu-
minations Dataset by Murmann et al. [2019]. By exploiting the fact
that albedo is illumination-invariant, and hence a constant across
changing illumination, we formulate a robust pseudo-ground-truth
generation method using the 25 images per scene with di�erent
lighting conditions provided in this dataset. We show that we can
generalize our high-resolution intrinsic decomposition method to
in-the-wild examples using dense training on real photographs.

Our method can generate highly detailed intrinsic decomposition
results in the wild. We can generate smooth shading results on heav-
ily textured surfaces such as the cloth in Figure 1 and on the �ag in
Figure 2 while reconstructing the input image faithfully as shown
in Figure 3. Our formulation is robust against challenging regions in
the image such as specularities as seen on the avocadoes in Figure 1
and the lamp post in Figure 2. We can also generalize to cases not
represented in our training set such as human faces as Figure 2
shows. We present extensive evaluations of our method against
the state-of-the-art qualitatively and quantitatively and show that
we improve the performance in terms of albedo sparsity, shading
smoothness, and sharpness of shading discontinuities in a variety
of scenarios. Our high-resolution intrinsic decomposition method
enables realistic image editing applications in the wild such as re-
coloring and relighting as shown in Figure 1.

2 RELATED WORK
Due to its wide range of application scenarios, intrinsic image de-
composition has generated a lot of attention in the computer vision
and computational photography literature. While earlier methods
focus on developing low-level priors for shading and albedo, with
increased availability of training data, the focus of the �eld �rst
shifted to sparse ordinal representations and then to direct regres-
sion of the continuous-valued shading. In this section, we discuss
the related ordinal and data-driven techniques in the literature and
refer the reader to the recent survey on intrinsic decomposition by
Garces et al. [2022] for a comprehensive overview.

Ordinality in intrinsic decomposition.The �rst relatively large-
scale ground-truth datasets came in the form of sparse ordinal an-
notations on real-world images. The Intrinsic Images in-the-Wild
(IIW) [Bell et al.2014] dataset provides relative annotations of albedo
brightness between sparsely sampled pixel pairs. Following the re-
lease of IIW, multiple works focused on the simplerordinalde�nition
of the problem where data-driven systems are trained to predict
ordinal relationships between the albedos of pixel pairs [Narihira
et al. 2015; Zhou et al. 2015; Zoran et al. 2015]. The estimated sparse
ordinal relationships can then be used to estimate the dense de-
composition via MRF-based optimization [Zhou et al. 2015] or by
solving a linear system [Zoran et al. 2015].

We also focus on the ordinal de�nition of the problem in this
paper. Rather than predicting sparse ordinal relationships on albedo,
however, we de�ne a novel dense ordinal shading space that we
train with dense ordinal losses. Our method has some parallels to
the works of Zoran et al. [2015] and Zhou et al. [2015]. Both of
these methods estimate ordinal relationships using both global and
local image information. They then use these estimated ordinal
albedo constraints to regress the dense decomposition result using
traditional optimization techniques. Rather than directly estimating
ordinal relationships using global and local inputs, we propose to
generate two separate estimations that capture this information. We
generate global constraints by resizing the image to �t the receptive
�eld of our network, and local constraints by estimating ordinal
shading at a much higher resolution. We then use these ordinal esti-
mations as input to a second network to generate a high-resolution
decomposition.

Data-driven approaches.As physically-based rendering techniques
have improved, it has become feasible to train intrinsic decom-
position networks using rendered datasets. Many data-driven ap-
proaches propose to train CNN models using direct supervision on
small-scale datasets [Baslamisli et al. 2018b; Janner et al. 2017; Ma
et al. 2018; Meka et al. 2018; Shi et al. 2017] like ShapeNet [Chang
et al.2015], MPI Sintel [Butler et al.2012] or the MIT Dataset [Grosse
et al. 2009]. The CGIntrinsics Dataset [Li and Snavely 2018a] is the
�rst large-scale dataset of rendered scenes with ground-truth intrin-
sics. With its introduction, many approaches have been proposed
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Fig. 4. We achieve intrinsic decomposition in two steps. In the first step, we generate two ordinal shading estimations, one at the receptive field resolution of
our network, and another at a much higher resolution. The low-resolution estimation provides globally coherent ordinal constraints but it lacks high-resolution
details. The high-resolution estimation, on the other hand, contains highly detailed shading discontinuities providing us with reliable local constraints.
However, it may have inconsistencies across distant image regions as visible on the two sides of the glass in the bo�om inset. We utilize these two ordinal
estimations as input to our second network together with the original input image. With global and local constraints readily provided to the network, we are
able to generate a globally consistent shading with high-resolution details and sharp shading discontinuities. We then compute the corresponding albedo
using the input image and the estimated shading using the intrinsic equation. Image from Unsplash by Erik Binggeser.

that either utilize the CGIntrinsics ground-truth or generate their
own similar rendered datasets [Li et al. 2020; Liu et al. 2020; Luo
et al. 2020; Sengupta et al. 2019; Zhou et al. 2019; Zhu et al. 2022].
These works depend on scale-invariant losses to directly regress
the shading and albedo. Due to the complexity of the intrinsic de-
composition problem and the limited capacity of neural networks,
these methods fail to generate accurate and high-resolution estima-
tions. By �rst making use of the simpler ordinal de�nition of the
problem followed by regression of full decomposition with ordinal
constraints as input, we are able to generate high-resolution decom-
positions with sharp shading discontinuities and globally coherent
sparse albedo maps.

Most prior data-driven models utilize architectures that estimate
shading and albedo separately [Baslamisli et al. 2018b; Cheng et al.
2018; Das et al. 2022; Li and Snavely 2018a,b; Luo et al. 2020; Shi et al.
2017; Takuya Narihira and Yu 2015; Zhou et al. 2019]. These methods
enforce constraints on each intrinsic component and incorporate
a reconstruction loss that favors outputs that reproduce the input
image when multiplied. There is no guarantee that these methods
will generate a faithful reconstruction of the input image for a
novel scene, as shown in Figure 3, which limits their use in image
editing applications. We opt for an approach similar to that of Fan
et al. [2018] and Lettry et al. [2018a,b] and derive the albedo using
estimated shading and Equation 1. Since this process is di�erentiable,
we jointly optimize for both albedo and shading using dedicated
losses to each while using a single network and guaranteeing perfect
image reconstruction.

Real-world training datasets.Although a number of synthetic
datasets have been developed with ground-truth intrinsic compo-
nents [Krahenbuhl 2018; Le et al. 2021; Li and Snavely 2018a; Li et al.
2021; Roberts et al. 2021], it is still a di�cult task to train models that
generalize to real-world imagery. Rendered datasets typically depict
homogeneous indoor scenes, with the exception of the GTA Dataset
[Krahenbuhl 2018], which contains outdoor scenes rendered using a
video game engine. This leaves a domain gap between the training
data and in-the-wild photographs [Garces et al. 2022]. To address
this shortcoming, many methods [Fan et al. 2018; Li and Snavely
2018a; Zhou et al. 2019] supplement their training procedure with
the sparse annotations from the IIW [Bell et al. 2014] and SAW [Ko-
vacs et al. 2017] datasets. IIW, together with SAW, which provides
sparse annotations for shading smoothness, are currently the only
real-world datasets with ground-truth information. However, as
sparse data is only able to provide a weak supervision [Garces et al.
2022], their usefulness in generalizing to in-the-wild photographs is
limited. Other works leverage image sequences of stationary scenes
under varying illumination [Bi et al. 2018; Lettry et al. 2018b; Li
and Snavely 2018b; Ma et al. 2018]. These approaches all utilize
similar loss functions that encourage re�ectance consistency across
multiple illuminations, but require complicated priors and do not
guide the network toward a single ground-truth. In this work, we
propose a method to generate pseudo-ground-truth intrinsic compo-
nents from multi-illumination data using the Multiple Illuminations
Dataset [Murmann et al. 2019]. This enables us to use a uni�ed
dense loss formulation on both synthetic and real data, which is a
key step to bridging the intrinsic decomposition generalization gap.
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Fig. 5. We visualize various shading representations for an image from the Hypersim dataset [Roberts et al. 2021]. The unaltered linear shading is dominated
by specular outliers causing a long-tailed distribution. While the log shading has a more balanced distribution, it still lacks contrast in the mid-range values. It
also has an undefined range of possible shading values and a long tail due to the specularities in the scene. Our proposed representation, inverse shading, best
utilizes the available range of values and is guaranteed to be in»0•1¼. The original and log-space representations are min-max normalized for visualization.

3 METHOD OVERVIEW AND PRELIMINARIES
In this work, we achieve high-resolution intrinsic decomposition by
de�ning the problem in two steps. In the �rst step, we generate local
and global constraints for shading discontinuities and smoothness.
We estimate these constraints through our noveldense ordinal shad-
ing formulation in Section 4. Rather than regressing the absolute
shading values that satisfy the intrinsic model, we de�ne a relaxed
loss that enforces the correct ordering of shading values. When we
generate a result at the resolution of the receptive �eld, our ordinal
shading network can generate a coherent structure for the entire
scene. At much higher resolutions, our ordinal shading network
loses global coherence due to the receptive �eld size being smaller
than the estimation resolution. However, as shown in Section 4.1,
it also predicts highly detailed local shading discontinuities. This
is due to our relaxed formulation that does not regress continuous
shading values but instead promotes the correct ordering of pixels.

The low-resolution and high-resolution ordinal estimations, as
a result, represent two important sets of clues about shading: the
global ordering of the shading values in the entire image, and de-
tailed discontinuities in the local neighborhood of a pixel. We feed
these two estimations together with the image to our second net-
work that generates our full result at high resolutions in Section 5.
This second network is able to generate consistent results beyond
its receptive �eld as the global structure of the shading is provided
in the form of our low-resolution ordinal input. It also generates
highly detailed shading discontinuities thanks to the provided high-
resolution ordinal input. Figure 4 shows our full pipeline.

In structuring our two-step setup, we took inspiration from ex-
isting literature on ordinal shading. In the works by Zoran et al.
[2015] and Zhou et al. [2015], the authors utilize CNNs to generate
re�ectance relationships between a sparse set of pixel pairs. Both
works point to the easier nature of predicting ordinal relationships
when compared to direct regression of the continuous values. Sim-
ilarly, we observe an increase in the estimation quality when we

use our ordinal formulation in the �rst step, as Figure 6 demon-
strates. Similar to our dual resolution input to our second network,
both Zoran et al. [2015] and Zhou et al. [2015] generate local and
global ordinal relationships using the full image and local image
patches. While we feed ourdenseordinal maps to a second network
to generate the full decomposition, these methods utilize CRF-based
formulations in their second step that takes the predicted sparse
ordinal relationships as input.

Our dual-resolution ordinal estimation approach is also inspired
by the work of Miangoleh et al. [2021] that introduces a method for
boosting the resolution of pre-trained monocular depth networks.
Similar to our work, they also generate two ordinal depth estima-
tions at low and high resolutions and use them to generate a single
high-resolution consistent estimation. Their second network, the
mergingnetwork, implements a low-level gradient transfer method,
similar to Poisson blending [Pérez et al. 2003], between the two
depth estimates, without the original image as input. On the con-
trary, our second network performs full intrinsic decomposition
that satis�es the intrinsic equation using the ordinal estimations as
constraints together with the original image as input, similar to the
CRF-based optimization by Zoran et al. [2015].

3.1 Inverse Shading Representation
Most natural scenes contain specular objects and objects with very
dark albedos, both of which result in very large shading values. As a
result, the shading values in a scene span a very wide range of values
with long-tailed distributions. This skewed distribution character-
istic decreases the contrast in the shading image by concentrating
valid shading values in a small window inside the range. This makes
direct regression of shading challenging especially when coupled
with the scale-invariant nature of the problem. Some methods opt to
model the problem in logarithmic domain [Li and Snavely 2018a,b].
While the logarithmic representation increases the contrast in the
distribution, it still lacks a well-de�ned range.
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Fig. 6. In the ablation study presented in Section 9.1, we train the same network using the scale-invariant loss on shading, a scale-invariant loss on inverse
shading, and our proposed scale-and-shi� invariant ordinal formulation. We show that the network trained for direct shading estimation generates very
blurry results, while our ordinal formulation generates a stable and highly detailed result. This confirms the idea that by solving the easier problem of ordinal
shading estimation in our first step, we make be�er use of the limited network capacity and generate higher-quality results.Image from Unsplash by Lesly Juarez.

We formulate our method in both ordinal and full shading esti-
mation in a novelinverse shading domainde�ned in »0•1¼:

� =
1

( ¸ 1
• (2)

where( represents the linear-scale shading. The inverse shading
domain creates a more uniform distribution in the»0•1¼range as
Figure 5 demonstrates. This uniform distribution with high contrast
is able to more accurately represent intricate shading variations
such as smooth gradients and very high shading values on specular
objects. The bounded nature of this representation is amenable to
deep networks as it allows for a predictable input and output range.
It also makes it possible to use a saturating activation function in
the neural network such as sigmoid, which we �nd to be more stable
during training when compared to commonly utilized ReLU. Note
that despite the ambiguous scale, the inverse shading representation
preserves the ordinal relationships in the shading domain, i.e.� 8 Ÿ
� 9 for ( 8 ¡ ( 9 for all pixel pairs¹8• 9º.

4 DENSE ORDINAL SHADING ESTIMATION
The shading layer in Equation 1 is a continuous-valued scale-invariant
variable that is required to satisfy the core model in every pixel.
Estimating this under-constrained variable for complex scenes at
high resolutions is, hence, very challenging. In the �rst step of
our method, instead of estimating the continuous shading values
directly, we focus on theordinalde�nition of the problem.

The ordinal de�nition of the problem can be seen as a relaxed re-
formulation of direct shading estimation [Zoran et al. 2015]. Instead
of satisfying the intrinsic model, the network is now only tasked
with making sure the inequalities between the shading of individual
pixels are satis�ed. As a result, in the ordinal world,5¹( º is as valid
a result as( for any monotonically increasing function5¹�º, as it
preserves the inequality relations in shading.

Dense Ordinal Loss.We start our dense ordinal shading formu-
lation from this premise. As outlined in Section 3.1, we de�ne our
output in the inverse shading domain� 2 »0•1¼, in which the or-
dinality in shading is preserved. We then formulate a relaxed loss

function that still ensures the correct ordering in the estimation:

L >A3=
1
#

#Õ

8

¹5¹$ 8º � � �
8º2• (3)

where$ is the estimated ordinal shading,� � is the ground-truth in-
verse shading, and5¹�º is a monotonically-increasing a�ne function
de�ned as:

5¹Gº = 0G¸ 1 (4a)

¹0•1º = arg min
0•1

Õ

8

¹5¹$ 8º � � �
8º2• 0 ¡ 0” (4b)

This way, we do not penalize the estimated result by the network if
the linear ordering of the estimated shading values is accurate. In
the end, the estimated ordinal shading$ is an unknown scale and
shift away from the ground truth inverse shading, while satisfying
the ground-truth ordinal relationships.

The network trained with our dense ordinal loss learns to cor-
rectly order the shading values for each pixel, while not necessarily
satisfying the intrinsic model. This simpli�ed problem de�nition
allows the network to generate ordinal results with more high-
resolution details when compared to direct shading estimation as
Figure 6 demonstrates.

Our dense ordinal loss formulation has some similarities to the
scale- and shift-invariant loss formulation by Ranftl et al. [2020]
for monocular depth estimation. In their formulation, the a�ne
loss allows them to use the stereo depth datasets together with
metric depth datasets. This is due to the disparities computed from
stereo data being accurate up to a scale and shift from the metric
ground truth. In our case, however, the scale and shift loss is applied
solely to promote ordinality. While it can be replaced with any
monotonically-increasing function in our formulation, we utilize
this �rst-order function because of its stability during training.

Note that our dense ordinal shading de�nition is a generalization
of the pair-wise ordinality previously explored in the literature [Nar-
ihira et al. 2015; Zhou et al. 2015; Zoran et al. 2015]. As Equations 3
and 4 imply, we estimate a dense result that has the same resolution
as the input image that maintains the pair-wise ordinality between
the shading values of any pixel pair thanks to the monotonically
increasing transformation5¹�º.
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