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Efficient Material Editing of Single Image Based on Inverse Rendering
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*Dongbu Zhangu Zhanginju, Nanjing 210000, Jiangsu, China

Abstract As an inverse rendering problem, image-based material editing is essential for augmented reality and interaction
design. Herein, we propose a method to edit the object material in a single image and convert it into a series of new
materials with widely varying material characteristics. This approach involves specular highlight separation, intrinsic
image decomposition, and specular highlight editing. Using a parametric material model, we synthesized a large-scale
dataset of objects under various illumination conditions and material shininess parameters. Based on this dataset, we
converted the source material into the target material using deep convolutional network. Experiments illustrate that the
three parts of the approach are effective on various qualitative and quantitative evaluations, showing the material editing
effect on the synthetic image and real test image. This novel material-editing method based on directly editing the specular
highlight layer of a single image supports a variety of materials, such as plastic, wood, stone, and metal and efficiently
produces realistic results for both synthetic and real pictures.
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Table 1 Hyperparameter settings in network training

Network Batch size Optimizer Initial learning rate Number of iterations
Specular-Net 64 Adam 1x107" 50X 10°

IID-Net 64 Adam 1Xx10°* 28 10°
Shininess-Net 64 Adam 1Xx107* 35X 10°
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Table 2 Datasets used by proposed networks

Network Dataset Source Size
Specular-Net LIME Meka et al. ! 8.5%10"

IID-Net ShapeNet Intrinsics Shi et al. ! 20 10"
Shininess-Net Hierarchical Shininess Ours 140 10"
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Table 3 Quantitative comparisons on the SHIQ dataset, ShapeNet Intrinsics dataset, and some real pictures

SHIQ dataset ShapeNet Intrinsics dataset Real pictures
Method SMSE LMSE DSSIM SMSE LMSE DSSIM SMSE LMSE DSSIM
Shen13™ 0. 0587 0.333 0.2002 0.1286 0.2433 0.207 0.0224 0.167 0.1745
Shil7t 0. 0305 0.1789 0.2199 0.0133 0.1056 0.1576 0.0167 0. 2497 0.2087
Souzal8"” 0. 0607 0.349 0.2062 0.1258 0.2391 0.2103 0. 009 0.1178 0.1639
Yamamoto19-” 0.0594 0. 3364 0.2011 0.1286 0.2418 0.206 0.0225 0.1667 0.1743
Fu21"” 0. 0003 0. 0019 0. 0088 0.0107 0. 0332 0.1034 0. 0056 0.1035 0.1414
Ours 0.0108 0. 0485 0.1765 0.0078 0. 0449 0. 0927 0. 0056 0.1448 0.1384

Notes: bold font is the best value.
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Table 4 Quantitative comparisons on the MIT intrinsics dataset

Method SMSE LMSE ' DSSIM
albedo shading albedo shading albedo shading
SIRFS15+" 0.0147 0. 0083 0.0416 0.0168 0.1238 0. 0985
DI15™ 0.0277 0.0154 0.0585 0.0295 0.1526 0.1328
Shil7"” 0.0278 0.0126 0.0503 0.0240 0. 1465 0.1200

Yi20™" 0.0274 0.0145 0.0476 0.0284
SMCH21"" 0.0225 0.0146 0.0484 0.0278 0.1499 0.1912
Ours 0.0273 0.0129 0. 0386 0.0335 0.1484 0. 1420
Notes: bold font is the best value, ' indicates that it is not available.
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Fig.4 Visual comparisons on the MIT intrinsics dataset
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Fig. 5 Visual comparisons on specular layer between GT images and network output images
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material shininess parameters and the output results of the proposed method
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