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Abstract

Material modeling is a hot issue in the research and application of graphics. The purpose is to de-
termine the properties of material appearance such as texture, normal, reflectivity and roughness
through modeling, so as to improve the realism of object rendering. In order to solve the problem
of traditional material modeling, it takes a lot of manpower, resources and time. Based on the
pre-net proposed by Xiao Li [1], this paper studied the over-fitting and prediction accuracy, and
proposed a method to improve the model. By adding Dropout layer and Inception structure, the
over-fitting phenomenon was reduced and the prediction accuracy of the model was improved. At
the same time, a large number of training data needed for the experiment were obtained quickly
by using batch rendering technology. Experiments show that this method can make the prediction
result of the model more accurate and the generalization ability stronger.
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Figure 1. Spec-Roughness-Net
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Figure 2. Albedo-Normal-Net
& 2. Albedo-Normal-Net
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Figure 3. Dropout principle
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Figure 4. Inception module
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ZREEIT K7 EEAE mitsuba for Maya HIg /T IX AN EIASCAERI AT . 1 H, fEFRKREEE, RFESEA AN
(Z% . DASEI ) — B QAT 55 ], AR — N SO F1 ) 1000 4 i 24, TE S 1000 7k
HOCHR &M NI PHEFEAR A . o, A Python FISCHREES BN LRI 1000 444 R 240 (6 FH
ARSI E — 2L mitsuba D6 20 RTE JL 1 B (U BRIATE L8 L SR R ARG I L SRR RFEIR FE 4545
SRIG TR BB GG, AERE— OGBSO ' RS e e R AL A B, KT 4 o AH R PRI A T 24
G B E AR UE GG ) I 2 B R IR AL B Kdn 773, DR ML BAE R, JF R ARG 17E 5L
A AR AR S SN BRI, EPATIE RSN EH AT N LTI, @ R
W, AIYRMER, P LABERTARYE LI A e YA, BESEIUAR Y N TR BRI A S HOE YR 1)
N GRE RS FIAR FIAR LA, XCSTI E B N 28 T30 BT 73 2 5008 233 G tH AR B A 46

4.4, BHESEI)ILRRE

RSO BRT A AU, i m FIA B EAS B A b (S, JF BB S AT LRI RSN 25040 1)
PRI T ANE o DA T 58 BT H A3 1A AR AR IR S 20 Ai R RO 2%, i 224k PSS AR P T s
R T REZ N R 8dls,  JF HX L8 SR 8df B3 o B2 T KR T RE 2 1023 (A AR AU RFAE o AE AR I 25k

DOI: 10.12677/csa.2020.104083 801 HEHUR 5 R


https://doi.org/10.12677/csa.2020.104083

M, fLAEHR

PE AR, I 7 Al (R AR A BRI AL [l RGBT ), SRR AT R 1R 72 40 RFE, DAk
SETE 5 WAV 5E BB U rp o AR B IRIRSE T (1) [ b o (502 T e S 2 B 93000

N T AE R ARAR T (B RS E0) 1P A R AR 58580, SI256 75 256 48 T A e i ot B 1
VAN EEIE, W% JE4E8]—ARIEEF CNN, B Pre-Net. STk RARICHIF A5 B 4
Pre-Net ] A5 500 H A4 53 6F B2 R 280 42 N RAR SO AR AR i B AbRic 5 5 B e (E 4, 1836
PENEIN,  FSRSETHRIE 28 BT GE T o A SO A GHIXAMIE IR S0k X 45 1) E 35S i I 2R . 3500
R RHAB B (01 5 FT7R).

Input with SVBRDF labe
Back prlpagatlon

Reference SVBRDF label Predicted SVBRDF label
Training with labeled training data pairs

Forward prediction
CNN | —
1

Render
Back propagation
Input Input —
without SVBRDF label Self-augmented
Forward predlctlon Forward prediction i CNN
‘ . loss_
} Lo Y v
Predicted SVBRDF fr om unlabeled data Predicted SVBRDF from the augmented input

Seif-augmentation with unlabeled data

Figure 5. Self-augmented training process
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Figure 6. Pre-Net predicted results
[ 6. Pre-Net FMZE R
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Figure 7. SAPre-Net predicted results
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Figure 8. DISAPre-Net predicted results
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Figure 9. Pre-Net loss curve
9. Pre-Net loss g%k
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Figure 10. SAPre-Net loss curve
10. SAPre-Net loss BZk
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Figure 11. DISAPre-Net loss curve
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Figure 12. Convergence of loss function in single parameter training
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Figure 13. Prediction of diffuse reflection alone
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Table 2. Prediction results of three kinds of networks for specular and roughness
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Roughness Rough-ref Spec Spec-ref
Pre-Net 0.278 0.175 0.347 0.275
SAPre-Net 0.236 0.175 0.316 0.275
DISAPre-Net 0.198 0.175 0.300 0.275

5.4. ;254 DISAPre-Net Bt RS (EIR NG BB

X E—EMB, Ak, CeuE T RABZMETHER, FrUASCRM T ARk, SEmE
BE=2, il & P24 DISAPre-NET 4351 2% 21 3l

15~ 17 1, E—FIRINGREEE, 200G, BRI o R e R YA KR AT
ISR, B0 0BR8P VLR R R S E R T . S50 P AN REHERR 18 2R A 22 K K
DTN R B, SRR U =R 5T S R ) PO A 2 I 2 LR 1

DOI: 10.12677/csa.2020.104083 808 TFENUER S N A


https://doi.org/10.12677/csa.2020.104083

k3, FLEERR

A 1 S IR HBE LI

Figure 15. Wood
15. AR#F

FEATE A 18 S 5T P AR HAE BEW 4] [EAlL1E

Figure 16. Metal
16. €&

FEAE 18 S S ] e bl AEBE S P [EBE]

Figure 17. Plastic
17. %B%y

6. Z5RIG

ARSCAE A MBI 7T A LA B3R T — PR T Pre-Net [RERIRE 78 7% . 1 S @M TE YL IR ER,
Y~ T 0 B RO 7 2 LS S PETE A [ DG HE PR FyE Yok, RO AR ic ISRt , FHSRY™ 78l
GHHRE, [HER T BEZ 08 S5 M 510 2 (AR AR IR o JCURFE 2 — A g AN SRS R S FER B 1 (K0T THI A
AN R v A A R R P B R R RN 2%, 1% /N4 25 Dropout A1 Inception A4k J5 7T AHR
TRAR P2 ABE G F0L A5 1) i3 ST L, BOAIE T R SR A — P R

DOI: 10.12677/csa.2020.104083 809 TFENUER S N A


https://doi.org/10.12677/csa.2020.104083

M, fLAEHR

&E 3k

(1]

[]

(3]

(4]

[5]
(6]
[7]

(8]

[9]

[10]

Xiao, L., Yue, D., Pieter, P. and Xin, T. (2017) Modeling Surface Appearance from a Single Photograph Using
Self-Augmented Convolutional Neural Networks. ACM Transactions on Graphics, 36, 1-45, 11.
https://dl.acm.org/doi/abs/10.1145/3072959.3073641

https://doi.org/10.1145/3072959.3073641

Sean, B., Paul, U., Noah, S. and Kavita, B. (2013) OpenSurfaces: A Richly Annotated Catalog of Surface Appearance.
ACM Transactions on Graphics, 32, 1-111, 17. https://doi.org/10.1145/2461912.2462002

Dror, R.O., Adelson, E.H. and Willsky, A.S. (2001) Recognition of Surface Reflectance Properties from a Single Im-
age under Unknown Real-World Illumination. Proceedings of IEEE Workshop on Identifying Objects across Varia-
tions in Lighting: Psychophysics and Computation.
http://dspace.mit.edu/bitstream/handle/1721.1/6664/AIM-2001-033.pdf?sequence=2

Zhang, R., Zhu, J.-Y., Isola, P., Geng, X.Y., Lin, A.S., Yu, T.H. and Efros, A.A. (2017) Real-Time User-Guided Image
Colorization with Learned Deep Priors. ACM Transactions on Graphics, 36, 4.
https://doi.org/10.1145/3072959.3073703

Ren, P.R., Wang, J.P., Snyder, J., Tong, X. and Guo, B.N. (2011) Pocket Reflectometry. ACM Transactions on
Graphics, 30, 4. https://dl.acm.org/doi/abs/10.1145/1964921.1964940 https://doi.org/10.1145/2010324.1964940

Oxholm, G. and Nishino, K. (2012) Shape and Reflectance from Natural Illumination. ECCV, 528-541.
https://doi.org/10.1007/978-3-642-33718-5 38

Aittala, M., Aila, T. and Lehtinen, J. (2016) Reflectance Modeling by Neural Texture Synthesis. ACM Transactions on
Graphics, 35, 1-65, 13. https://dl.acm.org/doi/abs/10.1145/2897824.2925917
https://doi.org/10.1145/2897824.2925917

Matusik, W., Pfister, H., Brand, M. and McMillan, L. (2003) Efficient Isotropic BRDF Measurement. In Proceedings
of the 14th Eurographics Workshop on Rendering (EGRW’3). Eurographics Association, Aire-la-Ville, Switzerland,
Switzerland, 241-247. https://dl.acm.org/doi/abs/10.5555/882404.882439

Wang, J.P., Zhao, S., Tong, X., Snyder, J. and Guo, B.N. (2008) Modeling Anisotropic Surface Reflectance with Ex-
ample-Based Microfacet Synthesis. ACM SIGGRAPH 2008 Papers (SIGGRAPH’08). ACM, New York, NY, Article
41. https://dl.acm.org/doi/abs/10.1145/1399504.1360640

https://doi.org/10.1145/1399504.1360640

Zhou, Z.M., Chen, G.J., Dong, Y., Wipf, D., Yu, Y., Snyder, J. and Tong, X. (2016) Sparse-as-Possible SVBRDF Ac-
quisition. ACM Transactions on Graphics, 35, Article 189. https://doi.org/10.1145/2980179.2980247
https://dl.acm.org/doi/abs/10.1145/2980179.2980247

DOI: 10.12677/csa.2020.104083 810 LR 5 5


https://doi.org/10.12677/csa.2020.104083
https://dl.acm.org/doi/abs/10.1145/3072959.3073641
https://doi.org/10.1145/3072959.3073641
https://doi.org/10.1145/2461912.2462002
http://dspace.mit.edu/bitstream/handle/1721.1/6664/AIM-2001-033.pdf?sequence=2
https://doi.org/10.1145/3072959.3073703
https://dl.acm.org/doi/abs/10.1145/1964921.1964940
https://doi.org/10.1145/2010324.1964940
https://doi.org/10.1007/978-3-642-33718-5_38
https://dl.acm.org/doi/abs/10.1145/2897824.2925917
https://doi.org/10.1145/2897824.2925917
https://dl.acm.org/doi/abs/10.5555/882404.882439
https://dl.acm.org/doi/abs/10.1145/1399504.1360640
https://doi.org/10.1145/1399504.1360640
https://doi.org/10.1145/2980179.2980247
https://dl.acm.org/doi/abs/10.1145/2980179.2980247

	An Improved Pre-Net Network and Its Application in Material Modeling
	Abstract
	Keywords
	一种改进的Pre-Net网络及其在材质建模中的应用
	摘  要
	关键词
	1. 引言
	2. 相关工作
	2.1. 材质属性获取方法
	2.2. 训练数据集获方法

	3. 改进的Pre-Net网络模型
	3.1. Pre-Net基础结构
	3.2. Pre-Net改进方法

	4. 数据渲染及自增强策略
	4.1. Ward模型
	4.2. Normal模型
	4.3. 图片渲染
	4.4. 自增强训练策略
	4.5. 超参选择

	5. 实验结果与分析
	5.1. 实验介绍
	5.2. 三组对比试验
	5.3. 反射分量拆分训练
	5.4. 反射分DISAPre-Net的材质特征提取结果

	6. 结束语
	参考文献

