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Abstract: Objective The intrinsic decomposition of 3D scenes involves breaking down a scene into a product of reflec-
tance and shading. Decomposition results can be applied to various tasks, such as virtual object insertion, image material

replacement, and relighting, and thus, they have received widespread attention and have been the subject of numerous
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researches. However, decomposing large-scale and intricately structured indoor scenes presents a highly ill-posed problem
due to the complexity of indoor environments, which contain various light sources, materials, and geometries. This com-
plexity makes accurately disentangling reflectance and shading difficult because multiple possible combinations of these fac-
tors can explain the same observed image. Traditional methods frequently use prior constraints based on physical knowl-
edge, human intuition, and visual perception to facilitate the reasonable separation of intrinsic attributes. Despite such
effort, traditional methods still struggle in handling the complex interaction between reflectance and shading, resulting in
poor decomposition results and limited applicability to different scenarios. Therefore, to achieve accurate and consistent
decomposition results, addressing the inherent ambiguities and uncertainties involved is essential. Method To address
these challenges, this study proposes an intrinsic decomposition algorithm that is specifically designed for indoor scenes,
leveraging the state-of-the-art radiance field representation technique called 3D Gaussian splatting. This approach signifi-
cantly improves the accuracy and efficiency of intrinsic decomposition for complex indoor environments. At present, many
studies have further improved the rendering quality and efficiency of 3D Gaussian splatting and applied it to inverse render-
ing, dynamic scene modeling, and other tasks. Such development has inspired us to use 3D Gaussian splatting as a proxy
for scene representation in this work. Building on this foundation, we develop an intrinsic decomposition model that is tai-
lored for indoor scenes. This model is based on Retinex theory and aims to decompose a scene into reflectance , which rep-
resents the albedo of objects, and shading, which represents the interaction between lighting and object geometry. How-
ever, decomposing a scene into reflectance and shading is insufficient for representing all types of objects in indoor scenes.
We use residual terms to fit specular reflections because indoor scenes have specular materials. To prevent loss of texture
in reflectance during the optimization process, we use a reflectance offset to capture these details. The four aforementioned
components effectively represent most objects in indoor scenes and facilitate the decomposition and optimization of intrinsic
scene attributes. To better separate the above attributes, we introduce new reflectance piecewise sparsity, shading smooth-
ness, and chromaticity prior constraints to reduce ambiguity in the decomposition process and ensure the rationality of the
results. In accordance with the assumptions of Retinex theory, changes in gradient within a scene are attributed to
illumination-independent reflectance and shading. Reflectance refers to the inherent color of an object and is the primary
factor that is responsible for significant changes in appearance. Reflectance exhibits sparsity, because it tends to cluster in
the RGB color space, forming distinct groups. By contrast, shading, which is influenced by the slow variation of light
intensity in a scene, is generally assumed to be smooth. Directly separating reflectance from shading is challenging, and
thus, we adopt methods from other computer vision fields. We segment a scene piecewise, apply sparsity constraints to
each reflectance piece, constrain shading to be smoother in flat areas, and use chromaticity priors to ensure the color con-
sistency of reflectance. These constraints effectively ensure the rationality of the decomposition results. In addition to these
novel constraints, we enhance the geometric information of a scene by incorporating captured depth data, which provide
valuable cues about a scene’s structure. This improved understanding allows for a more accurate decoupling of reflectance
and shading, ultimately leading to higher-quality synthesized images. Result We conducted experiments on eight scenes
from the synthetic dataset Replica and five scenes from the real-world dataset ScanNet++. The decomposition results were
visualized in the main text, and we evaluated the quality of synthesized images from novel views by using common image
quality metrics, including peak signal-to-noise ratio (PSNR) , structural similarity index (SSIM), and learned perceptual
image patch similarity (LPIPS). The results demonstrate that our method not only produces more visually plausible decom-
position results but also outperforms previous 3D scene intrinsic decomposition algorithms in terms of quantitative metrics.
In particular, our method achieved average PSNR, SSIM, and LPIPS values of 34. 695 5 dB, 0.965 4, and 0. 086 1, respec-
tively, on the Replica dataset. On the ScanNet++ dataset, our method achieved average values of 27.949 6 dB, 0. 895 0,
and 0. 144 4, respectively. These improvements highlight the effectiveness of our approach in handling complex indoor
scenes and producing high-fidelity decomposition results. Our experiments also showcase the proposed method’ s ability to
synthesize realistic images from previously unseen views. This capability is particularly important for applications, such as
augmented reality and virtual reality. The high quality of the synthesized images further demonstrates our method " s robust-
ness in decoupling reflectance and illumination. Conclusion Compared with previous methods, our approach excels in rap-

idly and accurately decomposing indoor scenes. lis strong generalization across diverse indoor environments, ranging from
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synthetic setups to real-world datasets, makes it highly valuable for applications, such as virtual object insertion, scene

relighting, and material editing. This versatility significantly enhances the practical utility of our method. We believe that

this work lays a strong foundation for future research, paving the way for more advanced techniques in the field of intrinsic

decomposition and beyond.

Key words: intrinsic decomposition; 3D Gaussian splatting (3DGS) ; indoor scenes decomposition; Retinex theory; radi-
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image patch similarity, LPIPS) ; 5 IntrinsicNeRF [13)I]
SRR JEAT T He AL
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Office 2
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[£l4  Replica 425053 s i o3 ik 45 R nT AL
Fig. 4 Visualization of decomposition results for selected scenes on the Replica dataset
%1 Replica BIBE & B B RIgFR3TLE

Table 1 Comparison of metrics for synthesized images on the Replica dataset

) Office 0 Office 1 Office 2
ik PSNR/ABT SSIMT  LPIPS!  PSNRT/dB SSIMT LPIPS|  PSNR/BT  SSIMT  LPIPS |
IntrinsicNeRF 339734 09292  0.066 6 354500 09532  0.0680 30.282 7 09231 0.0843
A 369341  0.9786  0.050 2 37.9478  0.9592  0.0879 34.259 8 09728  0.0918
Office 3 Office 4 Room 0
i
PSNR/dBT SSIMT LPIPS! PSNRT/IB SSIMT LPIPS| PSNRT/IB SSIMT  LPIPS|
IntrinsicNeRF 299553 09179  0.074 1 309201 09106  0.109 8 27.0812  0.8063  0.169 8
AL 340852 09694  0.0666 328984 09618 0.0908 329332 09521 0.1003
i Room 1 Room 2 TR g bR
ik PSNR/dBT SSIMT  LPIPS| PSNRT/IB SSIMT LPIPS| PSNRT/IB SSIMT LPIPS|
IntrinsicNeRF 28.1852  0.8048  0.2056 297873  0.8809 0.1343 307044 0.8908 0.1140
AL 340427 09568 0.1106 34.4620 09729 0.0903 34.6955 09654  0.0861

T ML P AR B IR AR SR 1 7R L7 0 S 3R (BB B NBE .
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b TAE 1 43 i R, NIID-Net ) 52 5 25 €00 38 Qi 165 11
IntrinsicNeRF {RFETE 2RI LBR T 5 RE 11y
G E [ It 5 B S AR AR S BR A Y B, — 2t
J2 5k R 2 R [+ 18 DX gl (B SR A Al e B ) PR SOAS

%2 ScanNet++#IEE A K B EIERIT L

Table 2 Comparison of metrics for synthesized images on the ScanNet++ dataset

‘ 56a0ec536¢ b20a261fdf 18f12e4e6h
ok PSNR/dBT SSIMT LPIPS]| PSNRT/dB SSIMT LPIPS| PSNRT/IB SSIMT  LPIPS|
IntrinsicNeRF 246949  0.8096 0.2394 276977  0.8375 0.1992 246469 08177  0.2983
A3 26.4978  0.8794 0.1524 30,7358 09196 0.1223 262778  0.8819  0.1626
‘ 8b5caf3398 0b031f3119 B 5 bR
ik PSNR/ABT SSIMT LPIPS| PSNRT/dB SSIMT LPIPS! PSNRT/IB SSIMT  LPIPS|
IntrinsicNeRF 27.1572  0.8556 0.1983 257071  0.8403  0.2679 259808  0.8321 0.2406
AL 29.6435 09156 0.1128 265932  0.8782  0.1717 27.9496  0.8950  0.144 4

T IRL AR R A SN TR R 1 7R |7 a3 SR B OB (/B

56a0ec536¢

b20a261fdf

8f12e4e6b

1w NIID-Net

IntrinsicNeRF

A7k

JRIGIEI G

K15 ScanNet++Udla4E #7075 (9 S S Rl ¥4k

Fig. 5 Visualization of reflectance for selected scenes on the ScanNet++ dataset
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Fig. 6  Visualization of ablation study
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Fig. 7 The lack of geometric information leads to poor
decomposition quality((a) original images

(b) reflectance; (c¢) shading)
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Fig. 8 Extended application examples ((a) original image

(b) material edit; (¢) illumination edit (intensity) H

(d) illumination edit (color))
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