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Abstract . Objective Intrinsic decomposition is a key problem in computer vision and graphics applications. It aims at sep-
arating lighting effects and material-oriented characteristics of object surfaces of the depicted scene within the image. Intrin-
sic decomposition from a single input image is highly ill-posed since the amount of unknowns is twice of the known values.
Most classical approaches model intrinsic decomposition task with handcrafted priors to generate reasonable decomposition
results. But they perform poorly in complicated scenarios as the prior knowledge is too limited to model complicated light-
material interactions in real-world scenes. Deep neural network based methods can automatically learn the knowledge from
data to avoid using handcrafted priors to model the task. However, due to the dependency on training datasets, the perform-
ance of current deep learning based methods is still limited because of various constraints in the current intrinsic datasets.
Moreover, the learned networks tend to suffer from poor generalization once there is a large difference between the training
and target domain. Another issue of deep neural network based methods is that the limited receptive field probably con-
strains the ability of the models to exploit the non-local information in the intrinsic component prediction process. Method
A graph convolution based module is designed to fully utilize the non-local cues within the input feature space. The module
takes a feature map as input and outputs a feature map with same resolution as the input feature map. For producing the
output feature vector for each position, the module uses information that includes the feature of itself, the information
extracted from the local neighborhood and the information aggregated from the non-local neighbors that are likely to be very
distant. The full intrinsic decomposition framework is constructed by integrating the devised non-local feature learning mod-
ule into a U-Net network. In addition, to improve the piece-wise smoothness of the produced albedo results, we incorporate
a neural network based image refinement module into the full pipeline, which is able to adaptively remove unnecessary arti-
facts while preserving structural information within the scenes depicted in input images. Simultaneously, there are noticea-
ble limitations in existing intrinsic image datasets including limited sample amount, unrealistic scene and achromatic light-
ing in shading and sparse annotations, which will cause generalization issues for deep learning models and limit the decom-
position performance as well. A new photorealistic rendered dataset for intrinsic image decomposition is proposed, which is
rendered by leveraging large-scale 3D indoor scene models, along with high-quality textures and lighting to simulate the
real-world environment. The chromatic shading components are first implemented. Result To validate the effectiveness of
the proposed dataset, several state-of-the-art methods are trained on both the proposed dataset and CGlntrinsics dataset, a
previously proposed dataset, and tested on intrinsic image evaluation benchmarks, i.e., intrinsie images in the wild
(TIW) /shading annotations in the wild (SAW) test sets. Compared to the variants trained on CGlntrinsics dataset, the
variants trained on the proposed dataset demonstrate a 7. 29% improvement in averaging weighted human disagreement rate
(WHDR) on ITW test set and a 2. 74% gain for average precision ( AP) on SAW test set. Simultaneously, the proposed
graph convolution based network achieves comparable quantitative results on both IIW and SAW test sets and gets signifi-
cantly better qualitative results. To further investigate the intrinsic decomposition quality for different methods, a number of
application tasks including re-lighting and texture/lighting editing are conducted utilizing the generated intrinsic compo-
nents. The proposed method demonstrates more promising application effects comparing with two state-of-the-art methods,
further highlighting its superiority and application potential. Conclusion Based on the non-local priors in classical methods
for intrinsic image decomposition, a graph convolutional network for intrinsic decomposition is proposed, in which non-local
cues are utilized. To mitigate the issues existed in current intrinsic image datasets, a new high quality photorealistic dataset
is rendered, which provides dense labels for albedo and shading. The depicted scenes in the images of the proposed dataset
have complicated textures and illuminations that closely approximate general indoor scenes in reality, which helps to miti-
gate the domain gap issues. The shading labels in this dataset first consider chromatic lighting, which allows the neural net-
works to better separate material properties and lighting effects, especially for the effects introduced by inter-reflections
between diffuse surfaces. The decomposition results of both the proposed method and two current state-of-the-art methods
are applied to a range of application scenarios, visually demonstrating the superior decomposition quality and application
potentials of the proposed method.

Key words: image processing; image understanding; intrinsic image decomposition; graph convolutional neural network

(GCN) ; synthetic dataset
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Table 1 Comparison between different intrinsic datasets
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Table 2 Comparison of the effectiveness of

different datasets
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Fig.6 Intrinsic decomposition results on images from ITW/SAW test sets for different methods( (a) input image; (b) Nestmeyer and
Gehler(2017) ;(c) Fan et al. (2018);(d) Li and Snavely(2018a) ;(e) ours;(f) ours (finetuned) )
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F4 HBMIWER
Table 4 Ablation study results of the proposed method
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