Romanyuk O. N., Zavalniuk Y. K., Shevchuk R. P., SiropiatovO. A. /  Herald of Advanced Information Technology
2026; Vol.9 No.4: 521-538

DOI: https://doi.org/10.15276/hait.09.2026.33
UDC 004.92

Modified neural models based on the bidirectional reflectance
distribution functions

Oleksandr N. Romanyuk®”

ORCID: https://orcid.org/0000-0002-2245-3364; rom8591@gmail.com. Scopus Author ID: 57105210600
Yevhen K. Zavalniuk"

ORCID: https://orcid.org/0009-0005-1202-4653; qq9272627@gmail.com. Scopus Author I1D: 58643724500
Ruslan P. Shevchuk?®

ORCID: https://orcid.org/0000-0001-5381-9528; rulezz.sh@gmail.com. Scopus Author ID: 24178081800
Oleksandr A. Siropiatov®

ORCID: https://orcid.org/0000-0002-6362-1280; 0.a.syropiatov@op.edu.ua

D Vinnytsia National Technical University, 95, Khmelnytske Highway Str. Vinnytsia, 21021, Ukraine

2) University of Bielsko-Biata, 2, Willowa Str. Bielsko-Biata, 43-300, Poland

3) Odesa Polytechnic National University, 1, Shevchenko Ave. Odesa, 65044, Ukraine

ABSTRACT

Bidirectional reflectance distribution functions are used to model light reflection from object surfaces. Empirical and
microfacet analytical bidirectional reflectance distribution functions are most often used, but they do not always provide sufficiently
accurate reproduction of reflection features. Tables of measured values provide highly realistic representation of material reflective
properties but require significant computational resources. Therefore, neural bidirectional reflectance distribution functions are
relevant for dense representation of measured values. The study is aimed at developing modified neural models for more efficient
and accurate modeling of light reflection. Machine learning and computer modeling research methods were used. The results of the
study include the usage of physically meaningful material features together with a single block of weight parameters for compact
representation of a fixed material set. It provides accurate reflectance value prediction without additional computational units or
recalculation of material features. Neural bidirectional reflectance distribution functions based on material clusters are also proposed,
enabling the use of a relatively small number of neural network weight files and minimal material features, thereby increasing
reflectance values prediction performance. A combined process of material cluster formation is described. The adaptive combining of
transformation functions for high-dynamic-range of reflectance values at the stage of neural network training is considered. Improved
prediction accuracy for new test materials is demonstrated. The proposed models are implemented in the 3D-rendering tool 1dx3d. In
conclusion, the developed models enable the use of a single set of weight parameters, more productive reflectance prediction, and
more efficient processing of training values.
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INTRODUCTION accurate modeling of light interaction with the
surfaces of objects. However, they require a lot of
computational resources for storing and accessing
the data.

At the same time, the usage of artificial
intelligence and machine learning [3], [4], [5], [6],
[7] for the tasks of highly realistic 3D-rendering is
becoming more common. In particular, neural light
reflectance models provide a compact representation
of tables of measured material reflectance properties.
Moreover, a high rendering speed is achieved.
However, existing neural reflectance models are
characterized by a number of disadvantages: the use
of large number of files with parameters, the use of
material features without physical meaning, too high

Achieving high realism in image formation is
one of the most important tasks in three-dimensional
rendering [1], [2]. The level of realism of a 3D-
image largely depends on the chosen model of light
reflectance from material surfaces. Complex light
reflectance models, which consider the roughness of
the material surface, its optical features, and the
effects of light shadowing and masking, are usually
used in the systems of highly realistic rendering.
However, analytical reflectance models don’t always
allow one to fully represent all peculiarities of light
reflection from materials. Measurement-based
tabular light reflectance models provide a more
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In particular, the NBRDF method [8] involves
training a neural model for each material, which
significantly increases the number of parameter files
and total model size. The Hyponet method [9]
represents the whole material set wusing a
hypernetwork, but this requires additional
computational blocks. In addition, this method uses
a single transformation function for high-dynamic-
range reflectance values, the effectiveness of which
may differ between materials.

Thus, the development of new neural light
reflectance models and the modification of existing
ones is relevant.

LITERATURE ANALYSIS

During the calculation of the color intensity of a
pixel, the ambient lighting (reflected from the
external environment) and the reflected light from
the surface of the object material are taken into
account. Besides, reflected light includes diffuse and
specular components. The diffuse light reflection
component lies in the reflection of light in different
directions and determines the visibility of the object.
Specular reflection corresponds to light being
reflected in a concentrated direction and determines
the formation of a specular highlight at the surface
of the object. Diffuse light reflection is more
common for matte and rough surfaces, specular
reflection — for glossy and metallic surfaces.
Bidirectional reflectance distribution functions are
usually used for modeling the reflection of light
from material surfaces.

The bidirectional reflectance distribution
function (BRDF) [10], [11], [12] is a radiometric
function that represents the reflective properties of
materials and is determined as the ratio of outgoing
radiance to incoming irradiance [11]

dL.(V)/dE(L), 1)

where L, (V) is radiance in the direction V from the
surface point to the observer, E;(L) is irradiance in
the direction L between the light source and surface
point.

Fig. 1 shows vectors [13] that are used for
BRDF calculation. H is a halfvector between L and
17, which is calculated using the formula
(L+V)/|L+ V]|, R is vector of mirror reflection,
which is calculated using the formula
2(L-N)N — L, N is normal to the surface point. 6,
is angle between H and N, 6; is angle between L
and N, 6, is angle between V and N, V is angle

between V and R.

Fig. 1. Main angles and vectors for BRDF value

calculation
Source: compiled by the [13]

The Lambert BRDF (Fpyg) [11] is used for
ideally diffuse surfaces, for which the uniform
reflection of light in different directions is
characteristic. The expression is used

Fiup = ‘;—d cos(6;), 7))

where 6; is angle between L and normal to the

surface point N, pg is diffuse albedo.
The BRDF for an ideal specular surface (F;ss)
[14] is determined using the delta-function &

Fiss = psS(L, V), 3)

where p, is specular albedo. Accordingly, § has

value o, when R = V, and value 0 in all other cases.
Furthermore, the hemispherical integral reflectance
value is 1.

Due to the limited usage area, the ideal specular
surface BRDF is relatively rarely used. At the same
time, the Lambert BRDF is enough for representing
reflectance properties of the majority of diffuse
materials. In addition, the function is often used as
the idealized diffuse = component,  which
complements the specular BRDF of the real surface.

Empirical BRDFs are simple and are used for
the approximate representation of material reflective
properties. A well-known function is the empirical
Phong BRDF (Fpy) [13], [15], [16], which is
calculated according to the expression

Fpy = cos(Y)™, (4)

where n is surface shininess coefficient, which
determines the degree of concentration of the
specular highlight, depending on the reflective
properties of the surface material.

The Blinn BRDF [13], [16] ,[17], [18] is an
improved Phong BRDF and lies in the calculation of
the cosine angle ), between H and N instead of the

cosine angle 1 between V and R. Due to their
simple form, Phong and Blinn BRDFs are
commonly used in the highly productive rendering
systems.
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The detailed aspects of light reflection from the
surface materials are not considered in the empirical
BRDFs, therefore their usage during the
photorealistic rendering is largely limited.

Physically-based BRDFs [10], [19] are based
on the principles of physical optics and provide a
highly realistic representation of material reflectance
properties. In comparison with empirical BRDFs,
they are more computationally complex. As a rule,
physically-based BRDFs require calculation of the
microfacet  (specular  surface  micro-areas)
distribution function D, the function of light
shadowing and masking by microfacets G, and the
Fresnel coefficient F, which determines the ratio of
reflected light depending on the angle of light
incidence and material properties. Physically-based
BRDFs of this type are based on the Cook-Torrance
BRDF (F¢r), which is calculated according to the
formula [11], [20]

Fer = (D -F-G)/(4-cos(6;) - cos(6,)). (5)

Physically-based BRDFs are common in the
systems of highly realistic rendering. However, in
the case when it’s needed to create the image of the
highest quality, the mentioned BRDFs do not always
provide reproduction of the reflective properties of
materials with the needed level of accuracy. In such
cases, the use of analytical BRDFs is not enough and
it’s necessary to use measurement-based BRDFs.
Measurement-based BRDFs lie in the usage of large
tables with the experimentally obtained BRDF
values. Since the real BRDF values are used, the
formed images are characterized by a high realism
level. Moreover, unique patterns of light reflection
from different materials are reproduced.

For example, a well-known measurement-based
BRDF is the Matusik BRDF [10] [11]. In order to
obtain the table of BRDF values, the measurement
system was used, which is based on the image
analysis. The measurement system included a
stationary camera, a rotating table for the material, a
piece of material of spherical form, and a light
source, which was rotating around the material. 330
images of high-dynamic-range (HDR) were obtained
during the measurement for each material. After this,
the BRDF value was calculated relative to each pixel
of the HDR-image, taking to account the data of ray
intersection with the material sphere in the
respective point. After obtaining BRDF values, they
were statistically processed, including the noise
reduction.

The Rusinkiewicz coordinate system [21] is
used for the parameters of measured BRDF values, it
provides a more accurate representation of the

specular highlight at the surface of the material. This
coordinate system involves the use of the halfway

vector H and vector D (obtained by rotating L into

the coordinate system, where H coincides with N).
Each material table contains 1458000 cells relative
to 90 levels of the 6, angle values, 90 levels of the
6, angle values, 180 levels of the ¢, angle values

(64, ¢4 are spherical coordinates of the D vector).
As a result, the tables of measured isotropic BRDF
values for 100 materials were formed. This set of
tables with measured BRDF values is known as the
MERL database.

A big disadvantage of the Matusik BRDF and,
overall, of measurement-based BRDFs, is a large
size of the tables. The Matusik BRDF is
characterized by a total size of 100 material tables in
3.25 Gb. Moreover, access to the tables of high
dimensionality is usually characterized by high
computational requirements. In particular, local
scene data should be transformed into table indexes,
and interpolation of BRDF values relative to missing
parameter values is required. Therefore, the tasks of
compact representation of measured BRDF values
and providing an effective data access are relevant.

The classical directions of  compact
representation of measured BRDF values tables are
the data-based formation of analytical BRDFs
(object visualization quality decreases, it’s hard to
select parameters), the use of sums of individual
functions, products of functions, wavelets, spherical
harmonics, and matrix factorization methods.

A promising direction is the representation of
the measured BRDF values tables using neural
networks. In this case, it is only necessary to store a
relatively small number of neural network weights,
which in connection with input scene parameters
provide a quite accurate prediction of BRDF values.
In addition, neural networks are universal function
approximators, provide a high calculation
parallelization, and don’t require constructing the
form of table data representation by hand, which is
learned by the network. Neural representation of
BRDF values is considered as a distinct type of
BRDFs.

One of the methods of neural representation of
BRDF values (NBRDF) [8] was proposed by A.
Sztrajman et al. A multilayer perceptron (MLP [22],
[23]) with two hidden layers is used for predicting
BRDF values relative to surface point data. A vector
of dimensionality 6 x 1 with the coordinates of
vectors H, D at the surface point is used as the input
to the neural network. Hidden layers have
dimensionality 21 x 1, after them the activation
function RelLU is used. The final layer has
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dimensionality 3 x 1 and corresponds to the BRDF
value for each RGB-channel. An exponential
activation function is used for the final layer. Fig. 2
shows the MLP architecture used in the NBRDF
method.

H D

21x1

RelLU

<z

21x1

RelLU

L

3x1

Exp
BRDF

Fig. 2. Architecture used in the NBRDF method

Source: adapted by the authors from [8]

Neural network training was conducted relative
to 100 materials from the MERL database. As a
result, 100 files with neural network parameters
(weights and biases), corresponding to each
material, were formed. Each file contains 675
parameters. Accordingly, 100 files overall contain
67500 parameters and take up 195 Mb.
Additionally, the authors of the method have
proposed to encode each block with 675 parameters
by 32 parameters using the autoencoder. However,
the number of decoder parameters was 71475.
Additionally, neural network training respective to
other datasets, such as Nielsen and RGL, was
examined.

Therefore, the advantages of this method are the
small size of the neural network, compact
representation of BRDF values, high speed of BRDF
values calculation, which is comparable with
analytical models. The disadvantage is the use of
100 blocks of data (in the case of the MERL
database representation) with neural network
parameters. Blocks of parameters take up relatively
small memory volumes, but if the modification of
the neural network architecture is needed, each
block should be formed from scratch.

Consequently, it is advisable to additionally use
a vector of material features as input to the neural
network, this makes it possible to store only one
block of parameters. Learned latent vectors are
usually used as vectors of material features.

Despite the highest accuracy of representing
reflective properties of materials, latent vectors are
characterized by a number of disadvantages:

1. Latent vectors of features, which are stored
for further usage in some external file, are dependent
on a particular neural network architecture and the
process of its training. If the architecture of neural
network is changed, they lose the validity and should
be recalculated again.

2. Introducing additional blocks for generating
material feature vectors or neural network weights
can significantly increase computational complexity.

For example, the hypernetwork-based model
Hyponet [9] (see below) contains additional 10
blocks with three layers for the determination of the
respective weights of the main neural network.

3. Latent vectors don’t have a physical
meaning. At the same time, the desirable
characteristic features of all BRDF types are
expressivity and connection with real properties of
materials.

Instead of that, physically meaningful material
features are universal and can be used in different
neural architectures without recalculations and
without introducing additional computational blocks.
Therefore, the use of physically meaningful material
features is more appropriate and productive if the
accuracy of BRDF values predicting is sufficient.

Additionally, a perspective compromise option
between using a high number of files with neural
network parameters and using a vector of material
features is training neural networks respective to
clusters of materials. In this case, a significantly
lower number of parameter files is used, and the
vector of material features is small or not used at all.

If the main task is a maximally accurate
representation of the original table of BRDF values,
time of scene visualization is not significantly
limited, it’s optimal to use hypemnetworks. A
hypernetwork is a neural network, which generates
weights of other, main neural network.

For example, the hypernetwork, proposed by A.
Sztrajman, F. Gokbudak et al. [9], is used for
generation  of  neural BRDF  parameters,
corresponding to a particular material. One of the
main advantages of the method is a highly accurate
prediction of BRDF values for new materials,
relative to which the training of model was not
conducted. Overall, the three neural networks are

used: an encoder for transforming N pairs of H D
coordinates and respective BRDF values into a latent
vector of dimensionality 40 x 1 (alternatively
6 x 1), a hypernetwork-decoder for transforming
latent vector of material features into parameters W
of the main neural network, and a main neural
network for predicting BRDF values. The encoder is
a MLP with two hidden layers of dimensionality
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128x 1. The encoder is used for every pair of
coordinates and BRDF values, after which the
obtained latent vectors are averaged. The decoder
contains 10 neural MLP-blocks with three layers for
predicting neural network parameters. In general,
main neural network Hyponet corresponds to the
NBRDF architecture, but contains 3 hidden layers of
dimensionality 60 x 1, the activation function ReLU
is used after the final layer. Fig. 3 shows the neural
architecture used in this method.

N {H, D, BRDF}

Nx9

Hypone!

H D

60x1

Encoder

ReLU l 40x1 l

G ! ! Latent vector
60x1
RelU Decoder

G w

60x1

RelU

N7

3x1

RelLU

BRDF

Fig. 3. Architecture for hypernetwork-based

prediction of BRDF values
Source: adapted by the authors from [9]

Since the measured BRDF values in the MERL
database are characterized by a high-dynamic-range,
in order to increase the accuracy of neural network
training, these values were transformed using the
special expression [9]

n( RFL+0.002 " 1)’ (6)

RFLyep+0.002

where RFL is value of BRDF, RFL,. is reference

value of BRDF (for example, median or average
BRDF value respective to the angle 6;).

However, BRDF values transformation
expressions are characterized by different
effectiveness respective to different material types
(for example, for diffuse and specular [24]
materials). Consequently, the adaptive combining of
transformation  expressions for BRDF values
depending on material properties is reasonable.

Let us summarize the main discussed methods
of representing BRDFs in the Table 1.

Table 1. Methods of BRDF representation

Method/ Material | Memory Accu- | Multiple
BRDF param- require- racy | material
repre- eters/ ments/ repre-
sentation repre- prediction sentation
type sentation | computa-

size tional

complexity

Lambert/ 1 Very low/ | Mod- | Yes
analytical very low erate
Blinn- 1 Very low/ | Mod- | Yes
Phong/ low erate
analytical
Cook- Few Low/ low- | High | Yes
Torrance/ moderate
analytical
(physical-
ly based)
Measured | Large High/ high | Very | Separate
tabular number high | per
BRDF/ of material
measured | samples
NBRDF/ Material- | Moderate/ | High | Separate
neural specific low- per

weights moderate material
Hyponet/ | Generat- | Moderate- | High | Yes
neural ed high/

weights moderate-

high

Source: compiled by the authors

The analysis shows that existing neural-
network-based BRDFs provide a compact and
highly accurate representation of the reflective
properties of materials but still have limitations.
Therefore, the improvement of existing neural
BRDFs is relevant: use of the single set of
parameters and use of the vectors with physically
meaningful material features for more resource
effective  BRDF value prediction, and adaptive
combining of transformation expressions for a more
accurate BRDF values prediction.

THE AIM OF THE STUDY

The aim of the study is to increase the
efficiency of neural BRDF prediction by developing
models that use a single set of neural network
parameters for a fixed set of materials, reducing the
number of neural parameter sets through material
clustering, and adaptively combining BRDF value
transformation functions to improve the prediction
of high-dynamic-range BRDF values.

DATASET STRUCTURE

In this study, the processed database of
measured BRDF values MERL is used. During
preprocessing, the MERL BRDF tables were
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converted into individual samples containing the

coordinates of H, D vectors, corresponding BRDF
values for each RGB-channel, and the cosine of the

angle between L, N vectors. The unused components
of the original data representation were excluded.

The dataset is divided into 100 MERL
materials. The data of 90 materials are used for
neural model training (85 % of samples) and
validation (15 % of samples), the data from 10
materials are used as the test dataset. Moreover, for
each training material, 15 % of samples were moved
to the second test dataset. Accordingly, the second
test dataset is used to evaluate how accurately the
model predicts values for vector pairs, which were
not used during training.

NEURAL BIDIRECTIONAL REFLECTANCE
DISTRIBUTION FUNCTIONS BASED ON
PHYSICALLY MEANINGFUL MATERIAL
FEATURES

We augment the input data of the neural
network for the prediction of BRDF values with the
material features vector. It gives the possibility to
use only one file with neural network weight
parameters instead of a large number of files,
corresponding to each material. A vector with
physically meaningful material features is used as
the features wvector. In comparison with latent
vectors, the advantages of using vectors of this type
are the presence of physical meaning of the data, no
necessity to introduce additional computational
blocks, universality of features and their
independence from the neural network architecture.

For the further comparison of results, we firstly
examine the results of applying the original NBRDF
neural network [8] to learning the reflective
properties of each material from the MERL dataset.
In the Table 2, material names and the respective
validation errors of BRDF values prediction
(relatively to the new vector pairs, the best values
from 3 attempts) are provided. Only the materials
with the 10 best and 10 worst error values are listed.

The following expression [8] is used as the
training and validation error

In(1 + RFL¢yye - cos(6,)) — )
—In(1+ RFLyyeq - cos(8)[

where RF L. is target BRDF value from the table
of measured data, RFLy,.q is predicted by neural
network BRDF value.

As shown in the table, the accuracy of NBRDF
depends on the represented materials. Overall, the
average validation error of BRDF values prediction
by NBRDF for 100 MERL materials is 0.0012. The

highest error value — 0.0077. Therefore, a neural
model which uses a single set of weights for all
materials should provide a BRDF value prediction
error that is comparable with 0.0012 and is not
higher than 0.0077.

Table 2. Validation errors of BRDF values
prediction by the original neural network
NBRDF for different materials

Material Validation | Material name | Validation
name error error
Black-fabric | 0.0002 Pink-felt 0.0017
Black- 0.0003 Silver- 0.0017
obsidian metallic-paint
Light- 0.0003 Silver- 0.0023
brown- metallic-paint2
fabric
Black-soft- | 0.0004 Delrin 0.0024
plastic
Blue-fabric | 0.0004 Grease- 0.0024
covered-steel
Dark-blue- 0.0004 Nylon 0.0028
paint
Color- 0.0004 Polyethylene 0.0030
changing-
paint3
Dark- 0.0004 Steel 0.0062
specular-
fabric
Green- 0.0004 Red-phenolic 0.0065
metallic-
paint2
Red-fabric 0.0004 Yellow- 0.0077
phenolic
Source: compiled by the authors
Additionally, the architecture of NBRDF,

which is used in the study, was slightly modified
through the analysis of mean validation errors of
BRDF values prediction respective to 5 randomly
chosen materials. It was found that increasing the
number of hidden layers to 4 led to some decrease in
the mean validation error to 0.0008. Additionally,
different activation functions for the final layer of
neural network were studied. As a result, it was
decided to use, as in the original study, the
exponential activation function. The use of the
SoftPlus function provided a similar validation error.
Noticeably worse values were obtained while using
ReLU and SoftSign functions.

Before the study of the use of vectors with
physically meaningful features, we analyze the
results of neural network training relative to all
materials without using material feature vectors. In
effect, the whole set of training materials is
considered as one cluster of materials. The training
error of BRDF values prediction is 0.0229,
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validation error is 0.0229, and the test error relative
to 10 materials is 0.0192.

We consider the use of an input vector of
material features, which contains the values of the
surface  shininess coefficient, the refraction
coefficient, and the intensity of the base material
(relative to the 3 RGB channels). Surface shininess
coefficient is used in the empirical BRDFs for
controlling the specular highlight concentration level
at the surface of an object (alternatively, the surface
roughness coefficient, which is used in the
microfacet BRDFs, can be applied). The light
refraction coefficient is used for the Fresnel
coefficient calculation in the microfacet BRDFs. The
base color determines the color of the material
surface.

These features were chosen because they enable
material identification within existing analytical
BRDFs by determining specularity, light interaction
peculiarities, and diffuse albedo of the surface. In
addition, they provide an opportunity to compactly
represent the reflective properties of materials using
directly interpretable quantities.

The values of these features were obtained from
the special tables (particularly, [25], [26]), and were
approximately estimated using the GPT-5 model.
The prompt included a request to estimate the
corresponding features using the provided reference
values from [25], [26]. Values were checked by
three lecturers of the Department of Software of
Vinnytsia National Technical University, who teach
computer graphics and scientific visualization, and
adjusted if necessary. Accordingly, GPT-5 was used
as an auxiliary tool for initialization.

In Table 3, the examples of used values of the
surface shininess coefficient, refraction coefficient,
and base color intensity are provided.

Table 3. The examples of used feature values

Material Surface Refraction coefficient and
shininess base material color values
coefficient R G B
Black- 300 1.500/ | 1.500/ | 1.500/
obsidian 13 13 20
Chrome 600 2.025/ | 2.789/ | 2.025/
217 217 230

Source: compiled by the authors

Examples demonstrate that the selected features
enable the differentiation of materials with varying
optical and color properties.

Since in this case the dimensionality of the
neural network input layer increases to 13x 1, we
scale the dimensionality of the four hidden layers to
45x 1. Then, the total number of neural network

parameters is 6978. The parameters are stored in a
single file of size 110 Kb, which is 18 times less in
comparison with the NBRDF method.

Min-max normalization was applied to all input
data of the neural network. Neural network training
was conducted in the Kaggle environment using a
CPU (batch_size=1024). In all experiments in the
article, Keras 3.5 library and Adam optimizer were
used, and model training was performed at least
three times. Fig. 4 shows the plot of training and
validation error change during the neural network
training.

0.0062 Train Loss

Val Loss
0.0052
0.0042
0.0032

0.0022

0.0012

1 2 3 4 ] 6 7 8 9 10 11 12 13 14 15 16

Iteration
Fig. 4. The plots of training and validation error
of BRDF values prediction during the use of

material reflectance features
Source: compiled by the authors

After 16 iterations, the training and validation
errors of BRDF values were respectively 0.0018 and
0.0017. The errors are slightly larger than the
average error of neural network training relative to
every material (0.0012), but are lower than the
determined maximal acceptable error of 0.0077.

The test error relative to the new coordinates of

the vectors H, D, which were not used during the
neural network training, was 0.0017. The test error
relative to the new materials was 0.0314. Therefore,
in this case the use of the physically meaningful
features instead of latent vectors provides a quite
accurate prediction of BRDF values respective to the
used during the training materials. Moreover, the
neural model has a good generalization relative to
the new coordinates of H, D. However, if the MERL
database is supplemented with new materials, this
method cannot be applied. In such a case, latent
vectors should be used for the representation of
material properties.

It’s important to note that a large subset of
famous measured BRDF value datasets is not
supplemented with the new materials. Therefore, the
accurate BRDF values prediction relative to the new
pairs of ﬁ, D is enough. Additionally, such datasets
are often combined with each other. Then, it’s
reasonable to train the neural network with the use
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of physically meaningful material features relative to
each material dataset.

Next, we use the 16 descriptive features [27],
which were proposed by W. Matusik for the MERL-
based synthesis of new materials, as the input vector
of material features. The set of 16 descriptive
features includes [27]: redness, greenness, blueness,
specularness, diffuseness, glossiness, metallic-like,
plastic-like, roughness, silverness, gold-like, fabric-
like, acrylic-like, greasiness, dustiness, rubber-like.
These 16 features were selected because they
provide a comprehensive representation of the visual
properties of the materials in the MERL database.

In order to obtain the values of the 16
descriptive  material ~features on a scale
of [0,5], the GPT-5 model was used. The values
were generated relative to material names and
similarly checked and adjusted by three lecturers. In
the Table 4, the examples of the 16 used descriptive
feature values for the three materials are provided.

Table 4. The examples of the 16 used descriptive
feature values for the three materials

Material Red- Diffuse- | Rough- | Acrylic-
ness/ ness/ ness/ like/
green- glossi- silver- | greasi-
ness/ ness/ ness/ ness/
blue- metallic- | gold- dusti-
ness/ like/ like/ ness/
specular- | plastic- fabric- | rubber-
ness like like like

Red-fabric 5 5 4 0

0 0 0 0
0 0 0 3
1 0 5 0
Pink-plastic 4 3 2 2
0 3 0 1
0 0 0 2
3 5 0 0
Nickel 0 1 1 0
0 5 4 1
1 5 0 2
5 0 0 0

Source: compiled by the authors

The examples demonstrate that the selected 16
material features provide a more detailed
representation of the material reflective properties
than the 7 physically meaningful features.

In this case, the dimensionality of the neural
network input layer is 22x 1, so the dimensionality
of the four hidden layers is scaled to 77x 1. The
neural network has 20023 parameters, which are
stored in a file of size 260 Kb (8 times less in
comparison with the NBRDF method).

Similarly, min-max normalization was applied
to the neural network input data, the training was
conducted with the use of CPU in the Kaggle
environment (batch_size=1024). Fig. 5 shows the
plots of the training and validation errors during the
neural network training.

0.003
00028 Train Loss
D:DDzs Val Loss
0.0024
0.0022
0,002
0.0012
0.0016
0.0014

0.0012
1 2 3 4 5 6 7 3 9

Iteration

Fig. 5. The plot of change of the training and
validation errors of the BRDF values prediction

during the use of the descriptive material features
Source: compiled by the authors

10 11 12 13 14 15

After the 15-th training iteration, the training
error was 0.0016, and the validation error was
0.0015. The error of the BRDF values prediction

relative to the new pairs of Ff, D was 0.0014, and
relative to new test materials — 0.0281.

To assess the impact of the proposed physically
meaningful features on the accuracy of predicting
BRDF values, the results of training neural models
relative to 7 and 16 proposed characteristics were
compared. When using 7 physically meaningful
features, the test errors for new pairs of vectors and
new materials were 0.0017 and 0.0314, respectively.
When using 16 features of W. Matusik, the test
errors were 18 % and 11 % lower — 0.0014, 0.0281,
respectively. At the same time, this increase in the
accuracy of predicting BRDF values was achieved
by increasing the number of neural network
parameters almost threefold — from 6978 to 20023.

The time of BRDF values prediction by the
proposed models was examined in the Kaggle
environment (CPU) respective to 10 million material
test samples.

The time of BRDF values prediction by the 7-
feature-based model was 8 s, and by the
16-feature-based model — 13 s. In comparison, the
time of values prediction by the hypernetwork-based
model with the additional computational blocks was
18-62 s (depending on the number of samples, see
the following sections).

Additionally, the use of a significantly larger
MLP (6 layers with 128 neurons and a skip
connection) — as employed in [21] — was tested for
predicting BRDF values using 7 and 16 physically
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meaningful material features. The test error for new
vector pairs was substantially lowers (0.0008—
0.00012), while the error for new materials ranged
from 0.0186 to 0.0228. However, the number of
parameters was considerably higher (71028-72195),
and the prediction time for 10 million samples
(CPU) was approximately 33-35 s. Consequently,
given enhanced hardware capabilities, employing
larger MLPs may be advisable.

The test figure “Dinosaur” was visualized using
the proposed neural models in the 3D-rendering
software tool ldx3d. Fig. 6 shows the results of the
test figure visualization using the neural network
with the use of 7 material features and the neural
network with the use of 16 material features.

Neural model
with the use of 7
material features

specular blue phenolic

Neural model
with the use of 16
material features

=2 b

-~ ,7‘"A\ >
) " A\
d J./ >"-!u
Fig. 6. Results of the test figure visualization,

using the proposed neural models
Source: compiled by the authors

red specular plastic

The analysis has shown that the average NMSE
(Normalized Mean Squared Error) metric value
between the MERL-tables-based images and the
proposed-models-based images is approximately
0.001. It means that the significant differences
between images are not present.

Therefore, the use of neural networks with the
physically meaningful material features provides a
highly productive, quite accurate and compact
representation of the fixed sets of measured BRDF
values.

The absence of the necessity to introduce new
computational blocks for the determination of latent
vectors gives the possibility to increase the
productivity of BRDF value prediction. The use of a
single neural network parameter set provides more
resource efficient neural network usage.

NEURAL BIDIRECTIONAL REFLECTANCE
DISTRIBUTION FUNCTIONS BASED ON THE
MATERIAL CLUSTERS

Grouping materials into clusters gives the
possibility to operate with a significantly smaller
number of parameter files than when training the
neural network relative to each material. Moreover,
a relatively small number of material features is
used.

We analyze six methods of forming material
feature vectors for subsequent clustering.

The first method involves the use of the
pyramidal encoder of the measured BRDF values
table, proposed by the authors. The N samples of the

H, D coordinates and the respective BRDF values
are used as the encoder input. The set of samples is
transformed into a 1D-vector, from which the groups
of 405 numbers are extracted. If necessary, the
groups are padded with zeros.

Next, the MLP with two hidden layers of
dimensionality 128x 1 and a final layer of the final
latent vector dimensionality is applied to each group.
Different MLP weight parameters are used at each
level of detailization.

The obtained intermediate latent vectors are
merged into a 1D-vector, after that the groups of 405
numbers are extracted again. This process is
repeated, until the size of the formed 1D-vector is
lower than 405 elements.

Then, the 1D-vector is padded with zero values,
after that the processed data are transferred to the
final latent vector. Fig. 7 shows the example of the
gradual change in the dimensionality of data by the
encoder when N = 90.

MLP Latent vector

405
. . X
80 {H, D, RFL} 1
90 810
> : ||
= HE =
MLP

SR

Fig. 7. The example of data dimensionality

change by the encoder
Source: compiled by the authors

The second method involves the use of 16
descriptive material features, the third method — the
use of NBRDF weight parameters [8], obtained for
each material. The fourth method involves the use of
the encoder for the hypernetwork, proposed by F.
Gokbudak, A. Sztrajman et al. [9] (see the Literature
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Analysis). An MLP is applied to each dataset
sample, after that the obtained intermediate latent
vectors are averaged. The fifth method involves
merging the latent vectors, obtained by the fourth
and first methods. The sixth method involves the use
of the encoder, proposed by C. Zheng et al. [28] for
the compact representation of the material
reflectance properties. Similarly, the MLP with the
dimensionalities of layers 400x 1, 400x 1, 400x 1,
64x 1 is applied to each dataset sample, then the
encoded samples are averaged. The averaged vector
is used as the input of the MLP-aggregator with the
layers of dimensionality 128x 1, 128x 1. The
statistical mean and the covariance are predicted at
the output of the MLP-aggregator for the further
generation of the latent vector of dimensionality 6x
1. The specified parameters are used in the study.

Using the material features, obtained using the
specified six methods, the MERL materials were
clusterized into 9 and 15 uniform clusters. The k-
means algorithm was used for the clustering.

The training of the neural network, the
architecture of which corresponds to NBRDF, was
conducted in the Kaggle environment (CPU,
batch size=1024) relative to each formed material
cluster. As a result, it was found that the mean
validation error was 0.0089 — 0.0211 during the
neural network training relative to each of the
formed clusters, depending on the method of their
formation. These values are higher than the maximal
validation error of neural network training relative to
each material (0.0077).

Thus, we clusterize the materials, taking into
account the results of the neural network training
relative to different numbers of original clusters and
methods of their formation.

For this, we execute the following sequence of
steps:

1. We sort all candidate clusters by the
validation error of BRDF values prediction.

2. Duplicate materials are removed from the
clusters.

3. The validation error of neural network
training relative to each updated candidate cluster is
determined. The mean weighted validation error
relative to the set of clusters is calculated.

4. For each cluster the most similar one is
selected through the comparison of the mean latent
vectors of clusters, formed using the first, fourth and
sixth methods. The comparison is done by
computing the Euclidean distance.

5. The pair of clusters, the unification of which
provides the lowest validation error of the neural
network training, is selected. As a result, a new
cluster is formed.

6. The steps 4-5 are repeated, until the mean
weighted validation error relative to the set of
clusters becomes higher than 0.0077 (a slight excess
of this value is acceptable for particular clusters).

After the execution of step 3, the set of
materials was divided into 30 clusters. The mean
weighted validation error of the neural network
training relative to the formed clusters was 0.0060.
After the execution of the steps 4-6, number of
clusters was decreased to 18 with the mean weighted
validation error of 0.0077.

The clustering of materials is performed as a
separate preprocessing step before the use of cluster-
based neural BRDFs. Thus, cluster formation is not
repeated during each neural BRDF run. To evaluate
the consistency of the cluster formation procedure,
the neural models were trained three times for the
candidate clusters. Validation error is a central
criterion for sorting and merging clusters in the
proposed algorithm. Therefore, the consistency of
validation errors (with an average absolute deviation
of 9-107°) indicates that the aforementioned
decisions of the algorithm are not significantly
affected by variations in model training.

The formed material clusters and the respective
validation errors of BRDF values prediction are
provided in the Table 5. The final composition of 18
material clusters was obtained using the proposed
clustering procedure. Validation errors show the
prediction accuracy of the neural models trained for
each cluster. As a result of the analysis of the formed
clusters, it is determined that the main factors of
clustering were the material type, material color, and
surface specularity level. In particular, the reason for
the significant contribution of the material color to
the clustering result is that the full expression of
BRDF calculation includes not only the specular
BRDF-component, but also the values of the diffuse
and specular albedos.

It is evident that since the base color of the
material is taken into account, the color correction of
the predicted BRDF value relative to the material of
the cluster is needed. Accordingly, the validation
errors of the neural network training with
consideration of the base color vectors for the cluster
materials are also provided in the Table 5. Then, the
mean weighted validation error of BRDF values
prediction decreases to 0.0024.
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Table 5. Formed clusters of the MERL materials

No. Set of cluster materials Validation error | No. | Set of cluster materials | Validation error of
of BRDF values BRDF values
prediction relative prediction relative
to the cluster of to the cluster of
materials materials
(without/with (without/with
considering the considering the
vector of base vector of base
color) color)
1 55440, steel, chrome-steel, tungsten- | 0.0033/0.0011 10 | pink-fabric, 0.0081/0.0028
carbide, chrome, green-metallic- pink-felt,
paint2, black-fabric, white-fabric,
black-phenolic, specular-black- nylon,
phenolic, specular-blue-phenolic, pure-rubber
specular-green-phenolic, hematite,
black-obsidian, silicon-nitrade
2 brass, grease-covered-steel, 0.0058/0.0014 11 | delrin, 0.0092/0.0081
red-metallic-paint, polyethylene,
blue-metallic-paint2, teflon
specular-violet-phenolic
3 black-oxidized-steel, 0.0047/0.0009 12 | light-red-paint, 0.0094/0.0015
black-soft-plastic, dark-specular- pink-fabric2,
fabric, light-brown-fabric, dark- violet-rubber
blue-paint, cherry-235, special-
walnut-224, color-changing-paint1,
color-changing-paint3
4 yellow-paint, yellow-plastic, 0.0104/0.0025 13 | silver-metallic-paint, 0.0099/0.0041
yellow-phenolic, specular-white- two-layer-silver
phenolic
5 gold-metallic-paint, 0.0095/0.0018 14 | pink-plastic, 0.0106/0.0016
gold-metallic-paint2, specular-yellow-
gold-metallic-paint3, phenolic,
natural-209, two-layer-gold, yellow-matte-plastic,
alum-bronze orange-paint
6 red-specular-plastic, red-plastic, 0.0088/0.0021 15 | gold-paint, 0.0096/0.0016
maroon-plastic, specular-red- pink-jasper
phenolic, red-phenolic, specular-
maroon-phenolic, specular-orange-
phenolic, red-fabric,
red-fabric2, dark-red-paint, purple-
paint
7 white-paint, white-acrylic, 0.0065/0.0064 16 | blue-rubber, green- | 0.0087/0.0016
white-diffuse-bball, latex,
alumina-oxide gray-plastic, white-
fabric2,  pickled-oak-
260
8 green-plastic, green-acrylic, 0.0099/0.0026 17 | beige-fabric 0.0020
blue-acrylic, violet-acrylic, pvc,
polyurethane-foam,
green-metallic-paint,
blue-metallic-paint,
color-changing-paint2,
fruitwood-241,
colonial-maple-223,
ipswich-pine-221, green-fabric, blue-
fabric, aluminium, nickel, aventurnine
9 pearl-paint, silver-paint, 0.0094/0.0057 18 silver-metallic-paint2 0.0023

white-marble, neoprene-rubber

Source: compiled by the authors
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Therefore, the base-color correction substan-
tially reduces the validation error.

The dimensionality of the input layer of the
proposed neural network is 9x 1 (including the base
color), and the dimensionality of each of the two
hidden layers - 32x 1. In this case, the use of the
cluster-based neural BRDFs involves storing 18 files
with 1475 parameters (total 26550 parameters of
size 641 Kb). At the same time, the NBRDF method
involves the use of 100 files with 675 parameters
(total 67500 parameters of size 1.95 Mb). Among all
proposed models, the cluster-based models are the
most productive (the time of BRDF values
prediction (CPU) relative to the 10 million samples
was 3 s), as they involve the processing of a smaller
number of the input material features.

In the software tool 1dx3d, the image of the test
figure “Dinosaur” was formed, using the proposed
neural model, which is based on the material cluster.
The visualization of the figure was done relative to
the silver-metallic-paint material. The results of the
visualization are shown in Fig. 8.

In comparison with the other proposed models,
the cluster-based neural BRDFs are characterized by
a less accurate representation of the material
reflective properties. However, the quality of 3D
figure visualization is still acceptable.

Cluster-based neural models

silver metallic paint

(Cluster 13)

Fig. 8. Results of the test figure “Dinosaur”
visualization using the cluster-based

neural model
Source: compiled by the authors

Therefore, the advantages of the cluster-based
neural BRDFs are that they require a small number
of input material features and the storage of a
relatively low number of files with parameters. It
gives the possibility to increase the productivity of
BRDF values prediction and decrease the memory
volume required for use.

The performance, accuracy, and total size of
parameters for the proposed neural methods of
compact BRDF representation are summarized in
the Table 6.

Table 6. Analysis of the proposed methods

Method Total Train/ | Testerror | Time of
size of |val. error (new value pre-
param- vectors/ | diction for

eters, materials) | 10 min
Kb samples,s
Based on 110 |0.0018/ |0.0017/ 8
7 physically 0.0017 |0.0314
meaningful
features
Based on 260 |0.0016/ |0.0014/ 13
16 descriptive 0.0015 |0.0281
features
Based on 641 |0.0024 |N/A 3
material (avg. val.
clusters error)

Source: compiled by the authors

The comparison shows that neural BRDFs
based on physically meaningful material features
enable the representation of various materials using
a single model with a small number of parameters,
whereas clustering-based neural BRDFs offer higher
performance in predicting reflectance values. Thus,
clustering-based BRDF models are advantageous
when high prediction speed and compact model
parameter representation are the priorities.

ADAPTIVE COMBINING OF THE
TRANSFORMATION FUNCTIONS FOR
INCREASING THE ACCURACY OF THE
NEURAL BRDF VALUES PREDICTION

If it is important not only to provide a highly
accurate prediction of BRDF values, but also to
provide the ability of the model to quite accurately
determine the values of BRDF relative to a material,
which was not used during its training, then it’s
reasonable to use hypernetworks. A hypernetwork,
using the sample of material data, predicts the
weights of the main neural network, which predicts
the BRDF value.

A correct processing of target values is
important for the effective training of the
hypernetwork and the main neural network. As a
rule, the measured BRDF values are the high-
dynamic-range values. In particular, the distribution
of BRDF values from the training dataset by
percentage intervals is provided in Table 7.

The majority of BRDF values are less than 1,
whereas the remaining values are significantly
larger. The non-uniformity of this distribution
indicates the need to employ non-linear
transformation expressions for more effective
processing of BRDF values.
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Table 7. The distribution of BRDF values from
the training dataset by ranges

Range of BRDF values Percent
0-1 99.66535 %
1-10 0.14454 %
10-100 0.13811 %
100-1000 0.04822 %
1000-10000 0.00378 %

Source: compiled by the authors

In order to achieve a more accurate prediction
of the BRDF values, transformation functions are
applied to the target BRDF values during neural
network training. We analyze the functions that can
be used for the BRDF values transformation.

The first function T1 is based on the
logarithmic transformation of the BRDF values,
including the determined reference BRDF value.
The function is calculated using the expression (6).

This function is used in the Hyponet method,
proposed by F. Gokbudak, A. Sztrajman et al. [9].

The second function T2 involves the calculation
of the square root of the BRDF value

T2(RFL) = VRFL. (8)

The logarithmic expression of the third
transformation function T3 [24], unlike the first
transformation function, doesn’t include the
reference BRDF value

T3(RFL) = In(RFL + 1). 9)

The fourth transformation function T4 [24] is
also a logarithmic function and involves the scaling
of the BRDF value using the cos(8;) multiplier

T4(RFL) = In(RFL(cos(8;) + 0.001) + 1).(10)

Moreover, the use of non-transformed BRDF
values relative to the particular materials can be
reasonable. Then,

T5(RFL) = RFL. (11)

This set of transformation functions was chosen
to provide a variety of compression and
representation of BRDF values. The square-root
function provides a less aggressive non-linear
transformation of BRDF values. Logarithmic
functions, with and without the use of reference
values and with scaling coefficients, provide
stronger compression of large values while
providing various forms of normalization. In
particular, the use of cosine multipliers is more
appropriate for near-diffuse surfaces [24]. The use of
reference values provides additional normalization
of the BRDF values. Direct use of the BRDF values
is appropriate for cases where the use of

transformation expressions does not provide a gain
in the prediction accuracy. Accordingly, the set
provides complementary transformation behaviors,
depending on the material reflective properties.

Different material types are characterized by
different peculiarities of the light reflection.
Accordingly, the efficiency of applying the
particular transformation function depends on the
material properties. Therefore, we represent the
transformation expression of the BRDF values
T(RFL) as the weighted sum of the expressions
T1(RFL) — T5(RFL)

T(RFL) = k1+T1(RFL) + k2 - T2(RFL) +
+k3-T3(RFL)+k4 - TA(RFL) + k5 -
TS(RFL),
where k1- k5 are weight coefficients, which are

learned.

Taking into account the given expression, we
modify the neural method Hyponet for the BRDF
values prediction. A new MLP-type neural network
that predicts the coefficients k1-k5 using the
samples of the measured BRDF values is introduced.

The architecture of the additional neural
network is based on the architecture of the original
neural network encoder [9]. The additional neural
network includes the input layer, two hidden layers
of dimensionality 128x 1, after which the activation
function ReLU is used, and the final layer of
dimensionality 5x 1, after which the activation
function SoftMax is wused. Accordingly, the
percentage coefficients are determined for every
transformation function. The neural network is
applied to each material sample, and the resulting
sets of coefficients are then averaged. Fig. 9
schematically shows the process of transformation
of one sample of the material data into the set of

(12)

percentage coefficients of the transformation
function.
— E— RFL+0002
. 1 RFL, +0.002H))
H, D, RFL
k2 (WRFL)
X k3 ((RFL+)

-

9x1
128x1
128x1

-

—— K4 ((RFL-(ccs)+000D)+)

- kS(RFL)
Fig. 9. The schematic example of the material
data sample transformation into the set of
percentage coefficients of the

transformation function
Source: compiled by the authors

We compare the results of the training of the
original neural model based on the hypernetwork
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and the neural model with the additional block of the
transformation function coefficients determination.
The training of both models was conducted during
400 iterations in the Kaggle environment with the
use of P100 GPU. 15 materials from the 90 training
materials were used for the model validation.

The expression from the original study [9] is
used as the error function for minimization

|RFLtrue *€0S(0;) — RFLyyeq * cos(6;)

, (13)

where RFLiyye, RFLyyeq is the RGB-channel value

of the target and predicted BRDF respectively (both
values are in the transformed scale). The error is
averaged over the number of training samples and
materials, the regularization terms that are based on
the weights, predicted by hypernetwork, and on the
latent vector, formed by the hypernetwork encoder,
are added to it.

The expression (7) is used as the error metric.
The error metric shows the deviation between the
predicted and target values of BRDF in the original
scale.

Fig. 10 shows the plots of the validation error
change for the original and modified neural models.

Validation error
0.1

0.09 Original Model

Modified
Model

1 50 100 150 200 250 200 250 400

Fig. 10. The plots of the validation error change

for the original and modified neural models
Source: compiled by the authors

Fig. 11 shows the plot of the test metric change
for the original and modified neural models relative
to the new materials. The set of 10 test materials
included aluminium, black-obsidian, blue-fabric,
blue-metallic-paint, chrome, green-latex, natural-
209, silver-metallic-paint2, white fabric2, yellow-
matte-plastic. Therefore, the test dataset includes the
materials of different types: metals, fabrics, paints,
plastics.

In Table 8, the validation error and test metric
values for the original and the modified neural
models after 400 training iterations are provided.
The table shows that the adaptive combination of
transformation functions reduces the test metric for

new materials from 0.0072 to 0.0063, compared to
the original Hyponet model.

Test metric
0.014

Original Model
0,012
0,01 Modified

Model

0,008
0.006
0.004

0.002

50 100 150 200 250 300 350 400
Iteration

Fig. 11. The plots of the test metric change for the
original and modified neural models

relative to the new materials
Source: compiled by the authors

Table 8. The values of the validation error and
the test metric for the original and
modified neural models

Function Original | Modified model with the

model adaptive combining of the
transformation functions

Validation error | 0.0234 0.0056

at the training

stage

Test metric | 0.0072 0.0063

relative to the

new materials

Source: compiled by the authors

Therefore, as a result of applying the adaptive
combining of the transformation functions, the
validation error was decreased by 4 times during the
training, and the test metric of BRDF values
prediction relative to the new materials was
decreased by 12.5 %.

Additionally, the time of BRDF values
prediction by the original and modified models
relative to the 10 million test samples in the Kaggle
environment (CPU) was examined. In the case of the
full material dataset usage, the time of the BRDF
values prediction by the original model was 57 s, by
the modified model — 62.1 s, when using 10000
material samples for each material — 18.9 and 22.3 s
respectively, when using only 40 samples — 18 and
20 s respectively.

It’s worth mentioning that for a fixed neural
network architecture, inference complexity is linear,
specifically O(N - P), where N and P represent the
number of samples and the number of neural
network operations to process one sample,
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respectively. Experiments conducted in the Kaggle
environment using CPUs demonstrated that the
proposed models perform quite efficiently without
specialized hardware. However, for optimal
processing of input samples in real-time systems, the
use of modern Nvidia GPUs with CUDA support is
recommended. The following considerations apply
to all modified neural BRDFs mentioned in the
study.

During the use of the modified neural model,
firstly the weights of the transformation function
coefficients are determined, using the subset of

material data samples (vectors H, D and BRDF
values). Then, the vector coordinates and BRDF
values, transformed by the combined function, are
used as the input of the encoder. The latent vector,
formed by the encoder, is used by the decoder for
predicting the main neural network weights. The
main neural network predicts the BRDF values that
are transformed to the original scale, using the
inverse combined transformation function.

Fig. 12 shows the example of the 3D-figure
“Dinosaur” visualization in 1dx3d using the
modified neural model. The yellow-matte-plastic
material was used for the visualization. The
proposed model ensures a sufficiently accurate
reproduction of reflectance patterns, which is
consistent with the values presented in Table 6.

The analysis has shown that the average value
of the NMSE metric relative to the 10 test materials
was decreased by 12 %.

Fig. 12. The test figure “Dinosaur”,
visualized in 1dx3d using the modified neural

model
Source: compiled by the authors

Therefore, the adaptive combining of the
transformation functions at the neural network
training stage provides a more correct BRDF values
prediction relative to the new materials.

CONCLUSIONS

In the article, modified neural models for
increasing the accuracy, performance and resource
efficiency of BRDF values prediction are proposed.

The use of neural BRDFs based on physically
meaningful material features is proposed. In
comparison with the original NBRDF method, a
single parametric file instead of 100 files with the
neural network parameters is used, which gives the
possibility to decrease the size of stored data by 8-18
times. The use of vectors with the physically
meaningful material features provides a more
productive and resource efficient BRDF values
prediction relative to the fixed material datasets. In
comparison with the Hyponet model that involves
the latent-vector-based determination of optimal
weight parameters in the additional block, the BRDF
values prediction is more productive by 1.4-2.3
times. Since the physically meaningful material
features have a physical meaning, they do not need
to be recalculated in the case of neural network
architecture change. Through the analysis of the
NMSE metric, it is found that the quality of 3D-
figures visualization using the proposed models is
acceptable.

Additionally, the material-cluster-based neural
models, the advantages of which are the use of a
small number of files with neural network
parameters and a small vector of material features,
are proposed. In comparison with the NBRDF
method, 18 files with the weight parameters are
used, which provides a threefold reduction in stored
data size. In comparison with Hyponet, BRDF
values prediction is 6 times faster.

The increase in the accuracy of the BRDF
values prediction relative to the new materials by
12,5 % is provided through the adaptive combining
of the transformation expressions at the stage of
training. Additionally, the use of the modified
Hyponet model provided the decrease in the NMSE
metric of visualization error by 12 % compared to
the original model.

The proposed models have several limitations.
Neural BRDFs based on physically meaningful
material features are primarily applicable to a fixed
set of materials. The accuracy of cluster-based
neural BRDFs depends on the set of materials in
each cluster and may be lower compared to other
neural models. Adaptive combining of the BRDF
value transformation functions introduces an
additional neural network block and increases the
computational complexity of the model. In addition,
only the MERL dataset was considered. These
limitations require a further investigation in future
studies.
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AHOTANIA

Jlns MonenmroBaHHs BiIOWTTS CBITJIa BiX NMOBEPXOHb 00’ €KTIB 3aCTOCOBYIOTH ABONpOMeHeBi (YHKIIT BiIOMBHOI 34aTHOCTI.
Haii6inpin 9acTo BUKOPUCTOBYIOTH EMIIpHYHI Ta MiKpo(haceTHI aHaTITHYHI JBONPOMEHeBi (pyHKIIi BiOMBHOT 34aTHOCTI, IO HE
3aBXKAN J03BOJIIIOTH JOCTATHBO TOYHO BIATBOPHUTH OCOOJHMBOCTI BiMOWTTS CBiTia. [lepeBaror0 BUKOPUCTAHHS TaONHIb BUMIPSHUX
3HAUCHb € BUCOKOPEATICTHYHE TIOJAHHS BiIOMBHUX BIacTHBOCTeH MarepianiB. OIHaK, CYyTTE€BHUM HEMOJIKOM IX 3aCTOCYBaHHS €
3HaYHI 00YMCITIOBAJBHI 3aTpaTu. J[Js IIUTBHOTO MOJAHHS TAaOJMIb BUMIPSHHX 3HA4YCHb aKTYaJbHMM € 3aCTOCYBAaHHS HEHPOHHHX
JBOIIPOMEHeBHX (yHKLiH BinOuBHOI 3maTHOCTI. MeTol0 AOCHiMKeHHsI € po3poOka Moau(piKOBaHMX HEHPOHHHUX MOJENeH, L0
3a0e3neuyioTh OUTBII MPOTYKTUBHE i TOUHE MOJIETIOBAHHS BIIOWTTS CBITJIA BiX IMOBEPXOHB MaTepialiB. Y IPOIECi JOCIIIHKEHHS
3aCTOCOBAaHO MeETOAM MAIIMHHOTO HABYAaHHA Ta KOMIT'IOTEPHOTO MOJEMIOBaHHA. Pe3yJbTaTH AOCTiIMKeHHSI BKIIIOYAIOTh
BUKOPHCTaHHs (Di3MYHO 3HAYMMHX XapaKTEPUCTHK MaTrepianiB pa3oM i3 €JMHUM OJIOKOM BAaroBHX IapaMeTpiB Ui KOMIAKTHOTO
nomaHHs (ikcoBaHoro Habopy MmatepiamiB. lle 3abe3nedye IOCTaTHHO TOYHE NMPOTHO3YBaHHS 3HAYCHb BINOMBHOI 3maTHOCTI 6e3
JOJIATKOBUX OOYMCIIOBATBHUX OJIOKIB a00 IMepepaxyHKIiB XapaKTEPUCTHK MarepianiB. 3alpoNOHOBAaHO TaKOX BHUKOPHCTAHHSI
HEHPOHHMX JBONPOMEHEBHX (PyHKILH BiIOMBHOI 3IaTHOCTI HAa OCHOBI KJIacTepiB MaTepialiB, 0 Aa€ MOXJIMBICTh BUKOPHUCTOBYBATH
HEBEJINKY KIUJIBKICTh BaroBHX (ailiniB HefipoMepeki Ta MIHIMAIbHY KUIBKICTh XapaKTepPHCTHK MaTepiajiB, THM CaMHM IiJBHIYIOYH
NPOIYKTHBHICTh TMPOTHO3YBaHHS 3HAa4YeHb BiAOMBHOIT 3maTHOCTI. OmuncaHo KkoMOiHOBaHMEM Tporec (GOpPMyBaHHS KiacTepis
MarepianiB. Po3misiHyTO ajanthBHe KOMOIHYyBaHHS NEpPETBOPIOBAJILHMX (YHKIIH U 3HAUYCHb BiZOMBHOI 3MaTHOCTI HIMPOKOTO
JIUHAMIYHOTO JTiania30Hy Ha eTari HaBYaHHs HeHpoHHOI Mojemi. [IpojeMOHCTpOBaHO MiABHINEHHS TOYHOCTI IPOTHO3YBAHHS 3HAYEHb
BIIOMBHOT 34aTHOCTI Ui HOBHMX TECTOBHX MaTepiamiB. 3ampomoHoBaHi Mojesi peanizoBaHo y 3acobi 3D-penpepunry Idx3d.
BucHoBkamMm po0otn € Te, IO pPO3poOJeHI MoJeN IaloTh 3MOTY BHKOPHCTOBYBATH €IWHHI HaOIp BaroBHX INapaMmeTpiB,
3a0e3neuyroTh OUTBII MPOIYKTUBHE NMPOTHO3YBaHHS 3HA4YCHb BINOWMBHOI 31aTHOCTI Ta OilbII €EKTHBHY OOpOOKY TpEHYBAIBHUX
3HAYCHb.
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