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A Neural Reflectance Field Model for Accurate Relighting in RTI Applications
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Scienze Ambientali, Informatica e Statistica (DAIS), Università Ca’Foscari Venezia, Italy

Novel light 

Input light (a) (b) (c)

Fig. 1. Our method takes as input a set of images of an object captured from various lighting directions (in this example we used 80
input images) and produces images under novel light directions (a). Panel (b) shows the ground truth image for the selected novel
light, not present in the training set, while (c) is the error map depicting Euclidean distance between ground-truth and reconstructed
images in RGB space.

Reflectance Transformation Imaging (RTI) is a computational photography technique in which an object is acquired from a fixed
point-of-view with different light directions. The aim is to estimate the light transport function at each point so that the object can
be interactively relighted in a physically-accurate way, revealing its surface characteristics. In this paper, we propose a novel RTI
approach describing surface reflectance as an implicit neural representation acting as a "relightable image" for a specific object. We
propose to represent the light transport function with a Neural Reflectance Field (NRF) model, feeding it with pixel coordinates,
light direction, and a latent vector encoding the per-pixel reflectance in a neighbourhood. These vectors, computed during training,
allow a more accurate relighting than a pure implicit representation (i.e., relying only on positional encoding) enabling the NRF to
handle complex surface shadings. Moreover, they can be efficiently stored with the learned NRF for compression and transmission. As
an additional contribution, we propose a novel synthetic dataset containing objects of various shapes and materials created with a
physically based rendering software. An extensive experimental section shows that the proposed NRF accurately models the light
transport function for challenging datasets in synthetic and real-world scenarios.

CCS Concepts: • Computing methodologies → Reflectance modeling; Computational photography; Appearance and texture
representations; Visual inspection; Image-based rendering.
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Additional Key Words and Phrases: reflectance transformation imaging (RTI), implicit neural representation, image-based relighting,
interpolation, relighting network
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1 INTRODUCTION

Reflectance Transformation Imaging (RTI) [CHI 2023; Molly Hughes-Hallett and Messier 2021; Mytum and Peterson
2018] is a computational photography technique used to capture and store an object’s surface characteristics. The
produced data are employed in a variety of applications to provide tools for both visualization and analysis. Such
applications range from quality inspection [Le Goïc et al. 2022; Pitard et al. 2017a; Zendagui et al. 2022], surface
enhancement [Fattal et al. 2007], archaeology [Earl et al. 2010; Mytum and Peterson 2018] and cultural heritage [Mudge
et al. 2006; Saha et al. 2022; Siatou et al. 2022]. The main goal of this technique is to allow non-contact and non-destructive
visual inspection of the artifact by interactively relighting a picture of it observed from a fixed point of view. For this
reason, RTI is commonly used to study objects that are mostly planar (on which full 3D scanning would not be beneficial)
but exhibiting a surface rich in scratches, bumps, and regions with different shading properties. Classic examples
include industrial surfaces with micro-scratches [Nurit et al. 2021], coins [Palma et al. 2014], and bas-reliefs [Barbosa
et al. 2007].

RTI produces a “relightable image” of the object by deriving a model describing how the surface reflectance at each
camera pixel is related to the incident illumination direction. Image-based relighting methods usually refer to this
model as light transport function (or reflectance field) 𝑇 (x, 𝜔), mapping incident light radiation from direction 𝜔 to the
reflectance observed at pixel x.

The RTI workflow consists of different stages. The first is known as acquisition, which involves imaging an object
with multiple light directions from a fixed camera position. In this part, the light distribution is crucial to reveal details of
surface geometry that would not appear in a single exposure. Different setups are used to acquire images, two examples
are the single mobile light method, also known as Highlight-RTI [Giachetti et al. 2018] and Dome RTI [Corregidor et al.
2020; Earl et al. 2011; Pitard et al. 2017b; Saha et al. 2022]. The collected data is known as Multi-Light Image Collection
(MLIC) or RTI source image set, representing essentially a sparse discrete sampling of the light transport function. The
second step, which is at the core of RTI workflow, is referred to as modeling and involves the numerical definition of
the light transport function as an interpolator of the MLIC. In this respect, RTI differs from other relighting techniques
because it aims at (i) minimizing the bytes needed to store the function while (ii) maximizing the physical accuracy
of images relit from light directions not observed during acquisition. The first principle is to allow post-examination
in the absence of the physical object [CHI 2023; Palma et al. 2010], possibly by providing a lightweight web-based
interface [Ponchio et al. 2019]. Physical accuracy is preferred against perceived visual quality because the aim is the
visual inspection performed by a researcher interested in studying a particular artifact. Indeed, apart from relighting, it
is common to perform digital enhancement of the object’s color and texture to reveal surface information that is not
apparent with visual empirical examination [Palma et al. 2010].

In this paper, we propose a novel approach to improve the modeling step of RTI. Driven by recent advances
of coordinate-based neural representations for discrete low-dimensional signals, we model 𝑇 as an Implicit Neural
Representation (INR) with a Multi-Layer Perceptron (MLP) trained with the samples collected during the acquisition
step. This idea was already proposed by Ren et al. [2015]. Still, it did not include any positional encoding of the input
Manuscript submitted to ACM
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A Neural Reflectance Field Model for Accurate Relighting in RTI Applications 3

which has been recently demonstrated to play a crucial role in capturing high frequencies [Tancik et al. 2020]. Unlike
most INRs based only on input coordinates, we feed the model with an additional highly compressed per-pixel latent
vector designed to capture local surface details while preserving the INR ability to model global illumination phenomena
like self-shadows and inter-reflections accurately. Each latent vector is encoded by a CNN trained together with the
INR, and stored with the network weights for subsequent relighting. Furthermore, we propose a novel synthetic
dataset created using the physically based renderer Mitsuba 3 [Jakob et al. 2022]. Publicly available synthetic dataset
benchmarks such as the one proposed by Dulecha et al. [2020] are limited in the size of MLICs, and miss objects with
complex shadows and specularities. Besides, the light distribution does not typically span the full incident hemisphere
as is in real-world Dome RTI, which limits its ability to generalize to new lighting directions. Our synthetic dataset
avoids all these drawbacks by including large-size MLICs rendered in a dome-shaped virtual lighting configuration
and incorporating objects of complex shapes. The dataset and the code used to generate it are publicly available1. An
extensive experimental section highlights the proposed model relighting capabilities with a limited model size while
preserving physical accuracy with novel lighting conditions.

2 RELATEDWORK

Image relighting and view synthesis are popular topics in Computer Vision and Computer Graphics communities.
Among them, most state-of-the-art methods aim to provide free relighting of a scene to obtain a realistic output. For
example, some works focus on human portraits [Nishino and Nayar 2004; Pandey et al. 2021; Sun et al. 2019] and
modern man-made objects [Loscos et al. 2000; Zhang et al. 2016]. RTI is focused on contactless visual inspection of
surfaces acquired from a single viewpoint with varying light directions (the input is the MLIC), and the fidelity of the
surface under study is of pivotal importance. In the following we review the relevant literature for the specific RTI
application as well as general-purpose relighting approaches.

2.1 Classical RTI

Despite the ubiquitous usage of neural networks in modern computer vision and computer graphics applications, their
application to RTI is not yet fully exploited. Almost all commercial RTI applications in cultural heritage, industry,
medical imaging, and other fields are dominated by classical non-learning-based approaches [Pintus et al. 2019]. In
cultural heritage which appears, by far, to be the application domain where RTI is more popular, Polynomial Texture
Mapping (PTM) [Malzbender et al. 2001], Hemispherical Harmonics (HSH) [Gautron et al. 2004], and Discrete Modal
Decomposition (DMD) [Pitard et al. 2017b] are well-established techniques designed to store a compact representation
of the MLIC and interactively relight the images by interpolating a low-dimensional smooth function. Since seminal
RTI applications based on PTM, several improvements were proposed with the goal of improving the interpolation
functions [Drew et al. 2012; Toit 2008] or performing a robust regression of the sparse samples in the MLIC [Zhang and
Drew 2014]. This line of research has led to sophisticated methods like the one presented by Ponchio et al. [2018], based
on a joint interpolation-compression scheme combining a Principal Component Analysis (PCA) for data reduction with
a Gaussian RBF to allow high fidelity of the relighted images with compact representation.

1Project repository: https://github.com/DAISCVprojects/NRF-RTI
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4 Mengistu et al.

2.2 Learning-based RTI

More recently, though limited in number, neural networks have been employed with great success in different RTI
applications. One of the first attempts dates back to 2015 when Ren et al. [2015] used neural networks to model light
transport as a non-linear function of light source position and pixel coordinates. This approach is remarkably close to
modern coordinate-based neural representations but does not perform any positional encoding of the input. For this
reason, the method requires scenes with hundreds of images to work accurately and fails to recover specularities and
self-shadows.

A work by Xu et al. [2018] employed a convolution-deconvolution architecture to synthesize scene appearance under
novel, distant illumination from the visible hemisphere but the amount of data to be stored (a 25-channel image) is
considered too much for several RTI applications. Dulecha et al. [2020] proposed a feed forward Neural Network that
exploits reflectance data in the MLIC to train a fully connected asymmetric autoencoder. The autoencoder compresses
the original per-pixel reflectance data into a low-dimensional vector to be stored. Relighting is performed by the decoder,
trained to reconstruct pixel values from the encoded vector and a user-specified light direction. The main limitation of
their method is that it fails to model shadows and specular highlights accurately. Besides, the network size depends on
the size of MLICs which limits the usage to large datasets acquired without a predefined light dome. Such method has
been expanded by Righetto et al. [2024], where the authors optimize the model to enhance efficiency and embed it in an
interactive web application. Recently, Pistellato and Bergamasco [2023] proposed an implicit neural representation to
model the reflectance given a light direction and a compact vector describing the captured light distribution at each
pixel. This is the first attempt at using an INR to map the light transport function, even if the pixel coordinate is not
mapped directly by the model. The results are more accurate than encoder-decoder approaches but some image artifacts
are still present, especially in shadowed areas.

2.3 Bidirectional Texture Function

A Bidirectional Texture Function (BTF) describes how a specific material appearance changes depending on the viewing
direction, the 2D position on the surface and the illumination direction. Methods estimating the BTF are mainly
designed to capture complex material properties and offer realistic rendering in graphics. While RTI can be interpreted
as a fixed-view subset of BTF, its final goal differs from BTF since it aims at enhancing the surface relief and subtle
details, allowing for virtual relighting and efficient compression of relightable scenes. BTF was first introduced by
Dana et al. [1999], and few years later Filip and Haindl [2008] proposed a comprehensive survey on the topic. Recently,
advancements in learning-based techniques led to the proposal of neural BTF. In particular, Rainer et al. [2019] proposed
an asymmetric encoder-decoder architecture, where the encoder receives a per-pixel apparent BRDF (ABRDF) as
input to produce a low-dimensional latent representation. The decoder takes this encoded latent representation, view
direction, and camera direction to output a single RGB value. This method requires a viewing direction besides the
light direction, which is not typically provided by the RTI acquisition process. In the work by Kuznetsov et al. [2021],
the authors propose NeuMIP, a neural BTF for representing and rendering different material appearances at different
scales, with the aim of integrating the method in a rendering engine. Despite their accuracy, such techniques have
difficulties handling materials with significant shadows or detailed specular effects. The method proposed by Xue et
al. [2024] aims at improving this aspect. In their work, Fan et al. [2023] proposed a lightweight architecture using
biplane representation for BTFs where the decoder is trained once to represent a broad range of materials. Other recent
methods proposing neural BTF representations are [Sztrajman et al. 2021; Zheng et al. 2021].
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A Neural Reflectance Field Model for Accurate Relighting in RTI Applications 5

2.4 Photometric Stereo

Photometric stereo (PS) was originally introduced by Woodham [1989] and Silver [1980], and its main goal is to
recover the surface shape from a combination of observed reflectance varying the lighting in multiple images. The
original formulation was based on the simple Lambertian surface model, which was substituted with the more flexible
bidirectional reflectance distribution function (BRDF), which parameters need to be carefully estimated [Goldman
et al. 2005; Ikehata 2023; Li and Li 2022; Tiwari and Raman 2022]. A comprehensive survey on the topic is given by
Ackermann et al. [2015]. During the years, several data-driven approaches have also been proposed for PS applications,
for instance Santo et al. [2017] use the reflectance information under varying light directions to infer the per-pixel
normals. A recent overview of data-driven models is given by Zheng et al. [2020].

Photometric stereo techniques share some commonalities with RTI: indeed, both methods follow similar acquisition
setups to generate the MLICs, but PS is focused on retrieving the surface normals and follows different strategies to
process the data. As a further step, results coming from PS (i.e. the BRDF parameters) can be exploited in an additional
rendering layer to relight images from any target light direction. Tiwari and Raman [2022] propose to stack several
hourglass neural networks that take two differently illuminated images and jointly retrieve surface normal, albedo, light
estimation, and perform image relighting. Practically, this method is similar to single-image SVBRDF (Spatially Varying
Bidirectional Reflectance Distribution Function) based relighting methods [Luo et al. 2024; Sang and Chandraker 2020;
Tiwari et al. 2024; Yi et al. 2023a], except that it uses two differently illuminated input images under uncalibrated and
self-supervised settings. Photometric Stereo is also used in applications such as quality control [Farooq et al. 2005; Smith
et al. 1999], surface enhancement [Malzbender et al. 2006], industrial inspection [Ren et al. 2019], medical imaging
[Parot et al. 2013], and cultural heritage preservation [Dessì et al. 2015; Yeh et al. 2016], to name a few.

2.5 Single Image Relighting

In recent years, the relighting problem has been also approached through methods taking as input a single image of the
surface to be relighted. Such approaches leverage deep learning models to solve the ill-posed problem of relighting from
a single image by directly computing the output image [Bieron et al. 2023] or passing through the surface SVBRDF
estimation [Deschaintre et al. 2018; Luo et al. 2024; Zhou and Kalantari 2021]. Such methods simulate the rendering
process and perform re-rendering using the estimated parameters to recover the relighted image. The method proposed
by Luo et al. [2024] recovers the material’s SVBRDF parameters through a learned gradient descent [Andrychowicz et al.
2016]. The network starts with an initial SVBRDF estimation and then applies an iterative update rule by minimizing
the difference between the rendering of the final prediction SVBRDF and the rendering of the ground truth material
maps under various view and light conditions. Then, the final estimated SVBRDF can be used to relight an image.
Despite producing good relit images of planar surfaces, this method has several limitations. The first drawback is its
poor generalization in situations where the input images are captured under conditions deviating from the training
images. Secondly, the method handles only attached shadows, and images with large highlights and cast shadows
severely hinder its efficacy of producing accurate relit images. The method proposed by Bieron et al. [2023] approached
single image relighting differently, by directly generating the target visual appearance without using an intermediate
SVBRDF representation. Similar to Luo et al. [2024], this method is also dependent on the view/light combinations seen
during training, and it can not handle curved surfaces with cast shadows. The work proposed by Yi et al. [2023a] is
designed for relighting in augmented reality applications and involves a weakly-supervised inverse rendering pipeline
with different branches to factorise specular and diffuse components and estimate the surface normals. Other methods
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6 Mengistu et al.

propose to jointly estimate the SVBRDF parameters and relighting through a single image [Sang and Chandraker 2020;
Tiwari et al. 2024].
Despite promising, single-image approaches are designed to be applied in specific applications and to estimate a limited
number of materials from the training datasets. As discussed in the experimental section (see §5.4), they can not ensure
the accuracy in real-world scenes acquired with standard RTI setups where complex surfaces with cast shadows are
common and acquired with different illuminations. The described methods often apply both inverse rendering and
re-rendering for reconstructing the image under novel lighting conditions, and sometimes additional information is
required during the training process (the surface normals for example), while RTI applications require only the lights
positions together with the MLIC (often this is given by the light dome by construction).

2.6 NeRF-based Relighting

Since its introduction in 2020, Neural Radiance Field (NeRF) [Mildenhall et al. 2020] revolutionized view synthesis
techniques by explicitly mapping the radiance in a volume using a neural representation. In subsequent years, several
works have been proposed to improve the reconstruction, handle complex reflections [Ge et al. 2023; Guo et al. 2021;
Ma et al. 2023; Verbin et al. 2021] and synthesize faithful novel views. Such ideas have been extended to enable scene
rendering from novel viewpoints under arbitrary lighting. The methods presented by Lyu et al. [2022] and Philip et
al. [2021] edit the scene light starting from a multi-view capture with a single light condition, while Rudnev et al. [2022]
propose to learn a neural relightable representation of outdoor scenes from a set of images capturing the same place
from different viewpoints and at different times. Other works propose to have multi-light, multi-view acquisition as
known inputs for the model to perform rendering under unseen lights [Toschi et al. 2023; Xu et al. 2023]. Srinivasan et
al. [2021] use an MLP whose inputs are the 3D location and outputs are the volume density, surface normal, material
parameters and visibility. This allows the model to render unseen views with arbitrary light conditions. The approach
proposed by Yang et al. [2022] performs 3D neural reflectance field optimization from single-view images captured
under different lights. The method recovers the geometry and BRDF of a scene for novel-view synthesis and relighting.
Zeng et al. [2023] propose to use two MLPs: one to represent the acquired shape, and one to directly model local and
global light at each point, without disentangling the light transport components. The method is trained on unstructured
photographs of the scene captured from different viewpoints and different light positions.
Albeit interesting, radiance fields are designed to describe density and light radiation in a volume, that is a different goal
with respect to RTI applications we target in this paper. Indeed, NeRF-based approaches require multiple views of the
same object, which is not applicable for existing RTI data or for new data acquired with standard RTI setups. Also, most
NeRF-based relighting methods are general purpose relighting used in real-world conditions or with different input
data. Our proposed method is able to process old datasets acquired with light domes or mobile devices, while other
general-purpose or multiview techniques could find difficulties with such limited data. Moreover, RTI applications are
intrinsically characterized by efficient and lightweight implementations, since they are also used for compression and
transmission purposes. For this reason RTI methods aim at using fewer parameters, while NeRF-based methods are
computationally expensive in terms of memory usage and training time, as they need to optimize a higher number of
parameters and require a higher number of samples.

3 NEURAL REFLECTANCE FIELD FOR RTI

We assume to have a sequence of 𝑁 images 𝐼1 . . . 𝐼𝑁 , with size𝑤 × ℎ pixels, each one captured with the same camera
but with different light directions 𝜔1 . . . 𝜔𝑁 ∈ S2. Light is assumed to be infinitely far away so that a direction 𝜔 is a
Manuscript submitted to ACM



313

314

315

316

317

318

319

320

321

322

323

324

325

326

327

328

329

330

331

332

333

334

335

336

337

338

339

340

341

342

343

344

345

346

347

348

349

350

351

352

353

354

355

356

357

358

359

360

361

362

363

364

A Neural Reflectance Field Model for Accurate Relighting in RTI Applications 7

(c) Neural Reflectance Field (NRF)
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Fig. 2. Architecture of our proposed Reflectance Field model for RTI with its main components: (a) PCA-based projection, (b) MLIC
patch encoder, and (c) Neural Reflectance Field with ELU (Exponential Linear Unit) activation function. See text for details.

unitary norm vector on the upper hemisphere. As introduced before, this data is known as MLIC and can be produced
in different ways, including light domes or moving light sources paired with calibration targets.

The goal of RTI is to estimate the reflectance field𝑇 (x, 𝜔) : (R2,S2) → R𝐶 describing the reflectance (expressed as a
vector of 𝐶 spectral bands) observed at each point x when the object is illuminated by light radiation propagating from
direction 𝜔 . Once the reflectance field is known, the object can be relighted by evaluating𝑇 at a discrete set of pixels for
any arbitrary light direction. Even if the MLIC is discrete, considering the reflectance field as a continuous function is
useful because it allows synthesizing new images not only with arbitrary light directions but also on a different spatial
domain (i.e. one could zoom in by evaluating 𝑇 on a specific region of interest or upscale the output image by sampling
at sub-pixel coordinates).

One of the main requirements of RTI is to construct a compact relightable representation of the object so it can be
stored and/or transmitted efficiently. To this end, many methods (including learning-based ones) work by compressing
the MLIC and then interpolating the discrete samples to create new images.

In this work, we build an estimation of𝑇 directly with a Multi-Layer Perceptron (MLP) Φ(x, 𝜔, vx) : (R2,S2,RK ) →
R𝐶 , where x = (𝑢, 𝑣) denotes the pixel coordinates and 𝜔 is the light direction expressed in spherical coordinates
with azimuth 𝜙 and elevation 𝜃 . The additional input vx represents a latent vector encoding the reflectance in a local
neighbourhood of x and will be further discussed in § 3.1. The size of the output 𝐶 ∈ {1, 3} denotes that the model can
be configured to predict only the pixel luminance (so we have 𝐶 = 1) or the full RGB triplet (that is 𝐶 = 3). Since the
output size only affects the last MLP layer, we decided to keep such flexibility and propose the two variants for our
approach. In § 3.4 we discuss the two different output representations, that will be also analysed in the experimental
section.

The complete architecture of our model is sketched in Fig. 2. The main component is the Neural Reflectance Field Φ

(c) implemented as a simple MLP fed with the pixel position x = (𝑢, 𝑣), light direction (𝜃, 𝜙), and the latent vector v𝑢,𝑣
produced during the training phase by the MLIC Patch Encoder (b). In the first layer pixel position and light direction
are projected on a higher dimensional space using periodic Fourier-based functions and Hemispherical Harmonics
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8 Mengistu et al.

(HSH) respectively, as discussed in § 3.3. The input MLIC has an initial shape of𝑤 × ℎ × 𝑁 , and before training it is
compressed with PCA (Fig. 2,a) so that the PCA-projected MLIC has shape𝑤 × ℎ × N , with 𝑁 ≥ N . Further details
about the projection are described in § 3.2.

The MLIC Patch Encoder (Fig. 2,b) acts as an encoder taking in input an 𝑠 × 𝑠 ×N patch2 of the PCA-projected MLIC
centered at pixel (𝑢, 𝑣). This component is a fairly standard CNN followed by 4 fully connected layers: the convolutional
layers allow the network to effectively exploit local coherence in the reflectance data and learn local surface details in a
compact representation. The output is the latent vector v𝑢,𝑣 used to convey local reflectance information to the INR
model.

The per-pixel latent vectors v𝑢,𝑣 and the model parameters are jointly estimated during the training phase, taking as
input only the MLIC and the associated light directions. For each training iteration 𝑖 the following steps are performed
until convergence:

(1) The input MLIC is sampled repeatedly at a uniformly distributed random pixel location p(𝑖 ) = (𝑢 (𝑖 ) , 𝑣 (𝑖 ) ), 𝑢 (𝑖 ) ∼
U (0,𝑤), 𝑣 (𝑖 ) ∼ U (0, ℎ) and light direction 𝜔 (𝑖 )

𝑗
, 𝑗 ∼ U (0, 𝑁 ).

(2) The 𝑠 × 𝑠 patch around p(𝑖 ) is extracted from the PCA-projected MLIC and fed into the MLIC Patch Encoder to
produce the latent vector v𝑢 (𝑖 ) ,𝑣 (𝑖 ) .

(3) The values 𝑢 (𝑖 ) , 𝑣 (𝑖 ) and 𝜔 (𝑖 )
𝑗

are fed into the Neural Reflectance Field together with the computed latent vector
v𝑢 (𝑖 ) ,𝑣 (𝑖 ) to produce the output reflectance value 𝑟 (𝑖 ) .

(4) A standard 𝐿1 loss is used to evaluate 𝑟 (𝑖 ) against 𝐼 𝑗 (𝑢 (𝑖 ) , 𝑣 (𝑖 ) ) and optimize the weights for both the Patch
Encoder and NRF with backpropagation.

Once the model is fully trained, we can obtain the the per-pixel latent vectors simply evaluating v𝑢,𝑣∀𝑢 = 0 . . .𝑤,∀𝑣 =
0 . . . ℎ and store the resulting vectors. In this way we obtain aK-dimensional vector for each pixel and we can completely
discard both the original MLIC and the Patch Encoder component, since the reflectance information is encoded in the
latent vectors v𝑢,𝑣 . Then, to perform relighting we need the following:

• All the computed latent vectors, that is a total of𝑤 × ℎ × K values.
• The optimized weights of the NRF model (Figure 2, c).
• In the case the NRF outputs only the luminance, we also need the per-pixel chrominance values (or nothing, if

the acquisition is grayscale).

To create a relighted image of the object with an arbitrary light direction (𝜃, 𝜙) provided by the user, Φ is evaluated
for all the pixels locations (𝑢, 𝑣) with the associated v𝑢,𝑣 and the given light direction. The operation is fast as it implies
only the forward pass of the NRF so it is suitable for real-time visualization. In the following we discuss additional
details about specific sub-components of our proposed model.

3.1 The Importance of Having an Additional Input Latent Vector

We started by creating a “pure” INR model Φ′ (𝑢, 𝑣, 𝜙, 𝜃 ) → R𝐶 taking as input a pixel coordinate x = (𝑢, 𝑣) and light
direction 𝜔 expressed in spherical coordinates with azimuth 𝜙 and elevation 𝜃 . We observed that regardless of the
way we perform the positional encoding of the input and the number of weights, Φ tends to do an excellent job in
reconstructing self-shadows and specularities while missing high-frequency details of the surface. On the other hand,
INRs (as the one proposed by Pistellato and Bergamasco [2023]) that completely discard position information but take
into account a per-pixel reflectance distribution vector exhibit great quality in surface details but poor performance
2We empirically fixed 𝑠 = 11 as the patch size in all our experiments.
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A Neural Reflectance Field Model for Accurate Relighting in RTI Applications 9

in modeling the shadows. We guess two possible reasons for that. First, light samples are a lot sparser than pixel
samples, especially if the MLIC is captured with a light dome, and the distribution of training samples is important when
training an INR. Second, albeit sparse, light direction may cause abrupt discontinuities in the produced image in the
presence of self-shadows and specularities. Indeed, small variations in 𝜔 can cause a surface region to quickly saturate
to full reflectance (specular highlight) or very low intensity (shadow). To overcome these limitations, we augmented
the aforementioned approach proposing our reflectance field model Φ with an additional (trainable) K-dimensional
latent vector v𝑢,𝑣 encoding the per-pixel reflectance information in a local neighbourhood of (𝑢, 𝑣). The parameter
K is application-dependent and can be used to trade off reconstruction accuracy with model size, as shown in the
experimental section. An extensive ablation study (§ 5.1) shows the advantages in terms of relighting accuracy when
including such additional vector instead of applying the classic INR approach.

3.2 PCA-based MLIC Projection and Patch Encoding

The Patch Encoder component (Fig.2, b) may potentially process a patch extracted directly from the MLIC. Models
like NeuralRTI [Dulecha et al. 2020] adopt this approach, but it carries some drawbacks because in this way the model
architecture becomes highly dependent on the number of images 𝑁 . This implies that the Patch Encoder must be
created and trained from scratch for the specific RTI setup. Even if we accept that 𝑁 is fixed (64 light sources are
almost a standard value for light domes), the model still will be dependent on the ordering on which images are stacked
(channel-wise) into the MLIC. To overcome this issue, we propose to project the pixel samples of the MLIC into the first
N PCA bases before using it to encode the latent vectors. Specifically, the input data can be considered as a set of𝑤 ×ℎ
𝑁 -dimensional vectors that can be linearly projected onto a set of𝑤 × ℎ N -dimensional vectors to be used as input of
the Patch Encoder. If N = 𝑁 there is no information loss in the process, but we are now completely independent of the
light ordering. Indeed, any channel-wise shuffling of the original input MLIC would produce the same PCA-projected
MLIC. If N < 𝑁 we lose some (redundant) information but, in any case, we gain the possibility of using a pre-trained
Patch Encoder regardless of the setup used to capture the MLIC. This will reduce the time and the computational burden
when training the NRF, which must be “overfitted” to every object instance. Besides feeding the patch encoder a PCA
projected MLICs instead of the raw MLICs has gained a slightly improved results as we will see in section 5.1.

3.3 Positional encoding of the input

Despite the fact that neural networks are universal function approximators, it is well-known that a positional encoding
of the input to a higher-dimensional space allows the INR to train faster and better reproduce the high-frequency
components of the signal [Tancik et al. 2020]. In our model, we encode both the pixel position and light direction onto
orthonormal Fourier-like periodic bases as we now briefly discuss.

3.3.1 Mapping pixel coordinates. We follow Tancick et al. [2020] and map each pixel coordinate to a Fourier space of
random frequencies. Let B be a Mx2 matrix where each value is sampled from a zero-mean Gaussian distribution with
variance 𝜎2.

Normalized pixel coordinates p̄ =

(
𝑢
𝑤

𝑣
ℎ

)𝑇
are projected as follows:

𝛾 (p̄) = [cos(2𝜋Bp̄), sin(2𝜋Bp̄)]𝑇 . (1)

In our experiments, we have chosen a sigma value of 0.3 for the multivariate isotropic Gaussian distribution and set the
length of M to 10. This results in each pixel coordinate being mapped to a 20-dimensional space.
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10 Mengistu et al.

3.3.2 Mapping light direction vector. As done for pixel coordinates, we also project the light direction vectors into
higher dimensional space, but in this case, we encode the light direction using the hemispherical harmonics functions.
This is analogous to the Fourier space projection but on the hemisphere’s surface. We prefer HSH over spherical
harmonics (SH) because the incident and reflected lights are all distributed on an upper hemisphere, and full spherical
information would therefore result in an over-parameterization of the input space.

We apply the HSH functions [Gautron et al. 2004] defined as follows:

𝐻𝑚
𝑙

=


√

2𝐾̃𝑚
𝑙

cos(𝑚𝜙)𝑃𝑚
𝑙
(cos𝜃 ) 𝑚 > 0

√
2𝐾̃𝑚

𝑙
sin(−𝑚𝜙)𝑃−𝑚

𝑙
(cos𝜃 ) 𝑚 < 0

𝐾̃0
𝑙
𝑃0
𝑙
(cos𝜃 ) 𝑚 = 0

(2)

where 𝑃𝑚
𝑙

and 𝐾̃𝑚
𝑙

are the “shifted” associated Legendre Polynomials and the hemispherical normalization factors
defined as

𝑃𝑚
𝑙
(𝑥) = 𝑃𝑚

𝑙
(2𝑥 − 1)

𝐾𝑚
𝑙

=

√︄
(2𝑙 + 1) (𝑙 − |𝑚 |)!

2𝜋 (𝑙 + |𝑚 |)! .
(3)

Then, we derive a set of basis functions as described in the following equations:

𝐻𝑖 = 𝐻𝑚
𝑙

; 𝑖 = ( (𝑙 + 1)𝑙 −𝑚) + 1; Order = (𝑙 + 1) :

−𝑂𝑟𝑑𝑒𝑟1 :

𝐻1 (𝜃, 𝜙 ) = 1/
√︁
(2𝜋 )

−𝑂𝑟𝑑𝑒𝑟2 :

𝐻2 (𝜃, 𝜙 ) =
√︁
(6/𝜋 ) (cos(𝜙 )

√︁
(cos(𝜃 ) − cos(𝜃 )2 ) )

𝐻3 (𝜃, 𝜙 ) =
√︁
(3/(2𝜋 ) ) (−1 + 2 cos(𝜃 ) )

𝐻4 (𝜃, 𝜙 ) =
√︁
(6/𝜋 ) (sin(𝜙 )

√︁
(cos(𝜃 ) − cos(𝜃 )2 ) )

−𝑂𝑟𝑑𝑒𝑟3 :

𝐻5 (𝜃, 𝜙 ) =
√︁
(30/𝜋 ) (cos(2𝜙 ) (− cos(𝜃 ) + cos(𝜃 )2 ) )

𝐻6 (𝜃, 𝜙 ) =
√︁
(30/𝜋 ) (cos(𝜙 ) (−1 + 2 cos(𝜃 ) )

√︁
(cos(𝜃 ) − cos(𝜃 )2 ) )

𝐻7 (𝜃, 𝜙 ) =
√︁
(5/(2𝜋 ) ) (1 − 6 cos(𝜃 ) + 6 cos(𝜃 )2 )

𝐻8 (𝜃, 𝜙 ) =
√︁
(30/𝜋 ) (sin(𝜙 ) (−1 + 2 cos(𝜃 ) )

√︁
(cos(𝜃 ) − cos(𝜃 )2 ) )

𝐻9 (𝜃, 𝜙 ) =
√︁
(30/𝜋 ) ( (− cos(𝜃 ) + cos(𝜃 )2 ) sin(2𝜙 ) ) .

(4)
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A Neural Reflectance Field Model for Accurate Relighting in RTI Applications 11

Since hemispherical functions are limited to the upper hemisphere, Equation 2 is valid for 𝜃 ∈ [0, 𝜋/2], 𝜙 ∈ [0, 2𝜋].
In our model, we use the first 9 basis functions 𝐻1 . . . 𝐻9 defined on the first 3 bands of the HSH function in Equation 2.
These 9 basis functions result in a 9-dimensional expansion of the 2-dimensional (𝜃, 𝜙) light vector.

3.4 Luminance-chrominance Output Representation

A common design choice of most RTI methods involves the reflectance being modeled for each color channel separately,
which incurs increased memory and computation costs. One source of redundancy in the MLIC is that the chromaticity
of a particular pixel is fairly constant under varying light source directions; it is largely the luminance that varies. As a
matter of fact, iridescence is a phenomenon pretty rare in common materials and mostly limited to ancient glass-based
archeological artefacts [Emami et al. 2016]. For this reason, as previously discussed, in this paper we propose and
analyze two alternative output representations, namely the full RGB triplet (3 values) or the simple luminance channel.
For the latter, we take advantage of the color redundancy by converting the RGB representation to HLS color space and
use only the luminance component (i.e. the L channel) to model the reflectance value of a pixel. To deal with colors, we
store the pixel-wise average 𝐻 = 1

𝑁

∑𝑁
𝑖=1 𝐻𝑖 and 𝑆 = 1

𝑁

∑𝑁
𝑖=1 𝑆𝑖 for further processing. We observed that it is important

to compute the averages excluding pixels with dark values and low saturation, as these values are irrelevant for restoring
the color. One simple method is to threshold the L and S channels of the original images and then apply the mask on H
and S values to compute the averages. This can be performed by tuning the threshold values on each MLIC, but in
our experiments the same threshold value worked well for all data to restore the color. The HLS representation has
some advantages over RGB representation, such as reduced training time and model size, thus it is suitable for simple
materials or in situations where a higher compression rate is required. However, since it is not always possible for all
materials to perfectly reconstruct the chrominance component from the averaged H and S channels, we also modeled
the RGB representation to offer a better result by perfectly restoring the color components but slightly reducing the
MLIC compression. In the experimental section we explore both alternatives: in general, the user can choose one model
or the other, depending on the application specific requirements.

4 SYNTHETIC DATASET GENERATION

In this work, we provide a novel synthetic dataset to evaluate classic and learning-based RTI methods. Due to the limited
number of publicly available benchmarks, our dataset can be considered a useful addition, especially for modeling
real-world challenging phenomena such as shadows and specularity.

Our dataset consists of 9 models ranging from a simple planar surface to complex geometric shapes collected from
different publicly available 3D model repositories [Laric 2023; Maggiordomo et al. 2020]. When necessary, each model
was manually edited, aligned, and scaled to a consistent reference system. Together with the proposed model, we
provide the pre-generated dataset of MLICs and the code to generate MLICs by rendering each selected object using the
state-of-the-art renderer Mitsuba3 [Jakob et al. 2022]. We applied a database of real-world isotropic and anisotropic
measured materials [Dupuy and Jakob 2018], exhibiting different surface scattering phenomena, such as smooth diffuse
material, rough conductor material, and smooth plastic material. The measured materials collected from a database by
Dupuy and Jakob [2018] are metallic paint, brown corrugated cardboard (smooth surface), matte painting, TeckWarp
vinyl wrapping film, and white A4 paper. Sample images of our synthetic dataset for each geometric model applied
with different materials are shown in Figure 3 (left). Images in MLICs are rendered by uniformly sampling points
on a unit disc and then projecting the sampling points up to the hemisphere. This produces input directions with a
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Fig. 3. Left: Sample images of our synthetic dataset with different materials. From left to right and top to bottom: Tondo, Horses, Ta
Prohm, Bas-relief Bayon, Lion, Theodore, Andrew, Cabbage, Panel. Right: Distribution of generated light directions divided into train
(red dots) and test set (blue).

cosine-weighted distribution along the normal, with light directions that are more frequent at around 45◦, as commonly
happens when we observe real objects. Figure 3 (right) shows the distribution of light directions with the train-test split.

5 EXPERIMENTAL EVALUATION

Our evaluation is based on two datasets: our synthetic dataset and the publicly available dataset presented in Dulecha et
al. [2020]. Our dataset consists of nine challenging geometric models, each assigned with a different material, producing
nine MLICs. Each MLIC contains 100 images of spatial resolution of 256×256. We kept 80 light directions (i.e. 80 images)
for training and the remaining 20 for testing. We will refer to our dataset as synthetic. The dataset presented in Dulecha
et al. [2020] consists of a synthetic and real dataset of different objects. In our experiments we considered the real-world
dataset addressed as RealRTI and the Synthetic spatially varying multi-material dataset referred to Synth-Multi. RealRTI
dataset involves 12 real-world scenes with different materials and geometry, acquired with RTI techniques (light domes
or handheld RTI protocols). Since data comes from different sources (see the original paper for details), each object is
captured with a different number of lights (from 47 to 72). We selected for each object 10 testing lights and used the
remaining for training. SynthMulti dataset presents 27 captures of the same three surfaces rendered with nine material
combinations and 16 tints (for further details see the original paper). We used 49 lights for training, that correspond to
the set of lights called Dome by the authors, with lights organised in concentric rings at 5 different elevations. The
remaining 20 lights (located in 4 intermediate elevations) have been used for testing, as proposed in the original paper.
The described train and test division was fixed for all presented experiments.

We focused on these publicly available datasets because RealRTI includes typical real-world acquisitions, and
SynthMulti allows extensive analysis of complex materials since the surfaces exhibit different properties in different
regions. Indeed, such configuration is particularly challenging since, as highlighted by Dulecha et al. [2020], the variety
of colours and materials may create problems in algorithms using global optimization of the reflectance.
Manuscript submitted to ACM
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Table 1. Quantitative results on our synthetic dataset for different input configurations. Note that the highlighted line denotes our
full proposed method with RGB modeling.

Model Name Light
Mapping

Pixel
Coord.

Encoded
Feature Vector PSNR SSIM RMSE LPIPS

Proposed(RGB) HSH Used MLIC Patch Enc. 31.92±5.93 0.912±0.028 0.049±0.039 0.054±0.017
Proposed(Lum) HSH Used MLIC Patch Enc. 29.07±6.12 0.895±0.034 0.054±0.041 0.076±0.024

Fourier Fourier Used MLIC Patch Enc. 27.24±5.08 0.826±0.033 0.078±0.057 0.114±0.025
No Pixel HSH Not Used MLIC Patch Enc. 28.52±6.23 0.881±0.038 0.057±0.043 0.082±0.025

PCA Feature HSH Used PCA 28.67±6.17 0.884±0.034 0.056±0.042 0.078±0.025
No Feature HSH Used Not Used 23.85±4.20 0.677±0.110 0.082±0.062 0.306±0.087

For all the datasets, we trained our model splitting the MLIC pixel data of training lights into 90% training and 10%
validation, uniformly sampled across pixel locations. Our model was implemented in PyTorch using the following
hyper-parameters: Adam optimizer [Kingma and Ba 2014] with a batch size of 4096 samples, an initial learning rate
of 0.001, decayed to 0.0001 after 25 epochs, for a total of 35 epochs. We trained our model on an NVIDIA GeForce
RTX 4080, and the training takes approximately 2 hours for a single scene. We adopted four metrics to quantitatively
evaluate the results, namely Root Mean Squared Error (RMSE), Peak Signal-to-Noise Ratio (PSNR), structure similarity
index (SSIM) [Wang et al. 2004], and Learned Perceptual Image Patch Similarity (LPIPS) [Zhang et al. 2018].

5.1 Ablation Study

We first analyzed our method by carefully designing an ablation study to highlight the influence of each individual
component in the proposed architecture. Table 1 shows the selected configurations together with the results obtained
on the synthetic dataset. Our full model (denoted as Proposed) is shown in two different versions: the model predicting
the RGB triplet and the one (below) predicting only the luminance value. We analyzed variations such as different
encoding functions for light direction (HSH or Fourier, 1st column), the presence of pixel coordinates (2nd column),
and the encoded feature vector (MLIC Patch Encoder, standard PCA projection or nothing, 3rd column) in input. The
resulting setups will be identified with the names in the first column, where the first one (highlighted in the table)
displays our complete RGB model.

As shown by the table, our RGB version offers slightly better performances when compared with the luminance-only
approach, since the RGB model has in general a good luminance representation. Quantitative results are comparable
with the luminance model, which still is better than all the other alternatives, offering a good solution if the acquisitions
are grayscale or oriented towards compression. Adopting HSH function to project light direction significantly improves
the quality of the relighted images with respect to the classical Fourier feature space: the average PSNR value is
improved by 6% simply applying HSH. The no pixel model (3rd row in Table 1) shows the effects of removing the pixel
coordinates from the NRF input: in this case, results are quite comparable to the full model but still worse. This also
happens by substituting our trained MLIC patch encoder with a simple PCA vector, representing the first 8 principal
components of the input MLIC (see 4th row of Table 1): results are similar but still, the full model allows for a better
shadow representation. This is due to the fact that our MLIC patch encoding embeds useful information about the
neighbourhood behaviour of each image location, allowing for a representation that is also spatially-aware to improve
the local reflectance prediction.
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Fig. 4. Visual Results for the ablation study on images of the synthetic dataset. The first column shows the ground truth, while the
other columns show the relighting results of different architecture combinations. Details of each configuration are reported in Table 1.

Finally, the last row in Table 1 shows the importance of including an encoded feature vector as input compared
to a “pure” INR implementation with a comparable number of weights. In this case, the quality of relighted scenes
drastically drops for all the metrics: PSNR is around 23 dB, while for all other cases, it is always greater than 27 dB. This
result validates the fundamental role of the feature vector as input in our proposed NRF model. Note that the no feature
model (last row) has a number of weights comparable with the other alternatives: indeed, a non-negligible aspect of
RTI applications is data compression and efficiency.

To reinforce the quantitative results presented in Table 1, we also show some visual results in Figure 4. The complete
proposed method (second column) produced images with detailed surfaces, smooth shadows, and specularities with
respect to other alternatives. In particular, the Fourier configuration is not able to fully recover complex shadows, and
the No feature version (last column) completely misses surface details.

5.2 Input and Model Size Analysis

In this section, we start analysing the model performances varying the number of input samples (i.e. the number of
lights 𝑁 ). Figure 5 shows the resulting average PSNR and SSIM of our RGB model when increasing the training sample
size from our synthetic dataset. To perform this experiment we exploited our synthetic setup to generate an increasing
number of uniformly distributed training lights, and kept the same test lights as in the original dataset used in the
Manuscript submitted to ACM
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Fig. 5. Average PSNR and SSIM values with increasing input size on our synthetic dataset, when PCA module is not used and PCA
module is applied with principal components set to 20.

other experiments to have comparable results. Additionally, to show the importance of applying PCA projection to the
initial MLIC, we give as input the same training lights with and without performing PCA projection. Indeed, the orange
curve represents the model in which we projected the MLIC into a fixed number of principal components N = 20,
while the blue curve represents models in which we directly input all the MLIC channels into the Patch Encoder. As we
can observe, with 40 input lights we obtain an average PSNR greater than 28, that is still a reasonable result, while
increasing the training images to 80 the model exhibits good relighting result (PSNR equal to 31), that is enough for
most purposes. Another interesting result from this experiment is that using PCA projection gives quick convergence
and better results since the principal components are able to compress all the relevant information. Projecting the MLIC
input in the first N principal components allows for order invariance, and significantly reduces the Patch Encoder
complexity: note that if we keep all the lights, the convolutional layer deals with up to 120-channels input. Potentially,
if we had thousands of input lights, the input size would make the learning process simply impractical. Finally, we can
observe that our method has a lower bound for 𝑁 = 20, where the performance drops. This can be a limitation if we do
not have more than 20 lights in our dataset, but in general RTI methods are not designed to minimize the number of
lights, so the MLIC size is not a concern. Indeed, such methods are designed to provide the best tradeoff between model
size, computational resources, and quality, so typical light domes are composed by far more then 20 lights. Note that in
the case 𝑁 = N = 20 we still have a slight improvement for the PCA-projected data: this may be due to the fact that the
PCA projection exhibits a better data representation, leading to a better model convergence.

The next experiment investigates the impact of N , that is the number of principal components used as input. In
Figure 6 we show the performance of our method increasing the principal components on RealRTI (right) and synthetic
(left) datasets. We can observe that in both real and synthetic plots, the improvements between principal components
10 and 20 are very minimal, and increasingN to more than 30 in general tends to reduce performances. For this reason,
in the complete proposed model we fixed N = 20.

Finally, since a compact representation of the MLIC is vital for efficient real-time applications, we also analyzed
the model performance and compression capability with respect to the size of the latent vector K . Figure 7 shows the
behaviour of our method for different latent vector sizes. The plots show average PSNR and SSIM for synthetic and
real datasets varying the size of v𝑢,𝑣 . For both datasets, we observe good quality with just 4 coefficients and stable
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Fig. 6. Average PSNR and SSIM for our NRF model on our synthetic and RealRTI [Dulecha et al. 2020] datasets increasing the number
of PCA components for input projection.

Fig. 7. Average PSNR and SSIM for our NRF model when increasing the latent vector size K (on x-axis). The two curves represent our
synthetic and RealRTI [Dulecha et al. 2020] datasets respectively.

performance with sizes greater than 7. In all our experiments we set the size of v𝑢,𝑣 to 7, since this value is fair enough
to obtain a good result.

5.3 Comparisons Against RTI Methods

We compared our proposed method against 5 different approaches that specifically target RTI applications. Among
them, PTM (Polynomial Texture Mapping) [Malzbender et al. 2001] and RBF (Radial Basis Function) interpolation [Toit
2008] are two classic approaches; while the others are state-of-the-art learning-based methods, namely RelightNet [Xu
et al. 2018], Neural reflectance transformation imaging (NeuralRTI) [Dulecha et al. 2020], and On-the-go reflectance
Manuscript submitted to ACM
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Table 2. Average value of different metrics for the test set computed on RealRTI, Synthetic and SynthMulti datasets when applying
different RTI methods. Our proposed method is shown for two output variants, namely luminance only and full RGB triplet.

Dataset PTM RBF RelightNet NeuralRTI onTheGoRTI Proposed Lum Proposed RGB

RealRTI

PSNR 27.69 28.75 24.22 30.21 28.78 33.26 34.65
SSIM 0.796 0.771 0.780 0.860 0.857 0.917 0.929
LPIPS 0.153 0.171 0.431 0.310 0.127 0.111 0.083
RMSE 0.064 0.061 0.087 0.047 0.060 0.036 0.033

Synthetic

PSNR 20.49 27.08 21.25 25.13 25.73 29.07 31.92
SSIM 0.706 0.809 0.694 0.750 0.795 0.895 0.912
LPIPS 0.188 0.118 0.312 0.147 0.121 0.076 0.054
RMSE 0.122 0.061 0.112 0.089 0.117 0.055 0.049

SynthMulti

PSNR 22.88 27.01 15.05 26.65 26.47 27.85 30.24
SSIM 0.783 0.835 0.524 0.827 0.860 0.874 0.908
LPIPS 0.145 0.094 0.490 0.093 0.077 0.073 0.071
RMSE 0.089 0.055 0.186 0.061 0.062 0.055 0.047

transformation imaging (onTheGoRTI) [Pistellato and Bergamasco 2023]. In the following we summarise the features
of the compared methods and how we trained each of them:

• PTM takes as input a set of single-view images with varying illumination and models the surface colour
variation for each pixel independently with a biquadratic polynomial. The method is parametrised in 𝑁 (number
of input lights), that in all our experiments corresponds to the training set size of each scene.

• RBF is an interpolation method: we interpolated each pixel independently using the 𝑁 input lights. For each
scene we used the training set as given points and interpolated in the test light directions.

• RelightNet proposes to synthesize scene appearance under novel illumination from 5 selected images captured
under pre-defined lights. The method uses a CNN to regress the relit image and is trained on a large synthetic
dataset. The trained model weights are not available, so we trained from scratch for each scene using the same
number of training samples as all other methods.

• NeuralRTI involves an encoder-decoder architecture. For our experiments the architecture has been modified
according to the number of lights to accept an input of N images. Note that this paper also proposed the RealRTI
and SynthMulti datasets, so train and test images are kept as proposed.

• onTheGoRTI accepts a variable number of input images, projects the MLIC with PCA followed by a MLP. For
each dataset we used the same training and test images as discussed before and trained a model for each scene,
as described in the original paper.

Comparisons against single-image SVBRDF-based and NeRF-based methods — which can be adapted for RTI
applications albeit not being explicitly designed for that — are discussed in §5.4 separately.

Table 2 shows average values for single and multi-material synthetic and RealRTI datasets. The proposed model
outperformed the other approaches for all the metrics, producing higher accuracy on all selected geometric models.
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Some qualitative results from all compared methods are shown in Figures 8, 9, and 10 3. In Figure 8 we focus on
synthetic data and show the per-pixel errors on relighted images. The ground truth image represents a lighting direction
not seen during training, while all other images are the relighted outputs produced by the different methods and are
associated with error maps showing per-pixel Euclidean distances in RGB space with respect to the ground truth. Figure
9 shows additional samples taken from multi-material and RealRTI datasets. In general, our approach outperforms the
compared methods in both synthetic and real samples producing better surface details, physically plausible self-shadows,
and specularities. For some instances, classic PTM and RBF methods completely fail on shadow and specular areas (see
for instance the third column of Figure 9), and other techniques exhibit a clear shift in color representation. Additionally,
learning-based methods sometimes show poor image quality or unrealistic artifacts. This is noticeable when looking at
the coin’s shadow (Figure 10), where we highlight a closeup of the top-left region of the image. Other methods fail to
recover a sharp shadow, producing artifacts around the coin edges.

5.4 Comparison Against Single Image and NeRF-based Approaches

As discussed in Section 2, image relighting is a broad topic spanning different use cases (from photo editing of portraits to
view synthesis, computer graphics, etc.) and multiple approaches, including SVBRDF-based and multi-view NeRF-based
methods. Even if they do not target RTI explicitly, we choose a subset of state-of-the-art works for each category to
have a comparison on how those perform in an RTI context.

We selected Single Image Neural Material Relighting (SINMR) [Bieron et al. 2023], Single-Image SVBRDF estimation
with learned gradient descent (SI-SVBRDF) [Luo et al. 2024], and weakly-supervised Single-View Image Relighting
(SVIR) [Yi et al. 2023b] in the category of single-image SVBRDF based relighting. Moreover, we selected relighting
neural radiance fields with shadow and highlight hints [Zeng et al. 2023] in the category of NeRF-based relighting.

In particular, SINMR was trained from scratch (one model for all scenes) using the code provided by the authors
and the training set images from all scenes in our synthetic dataset. Since we compared on our synthetic dataset, all
data has the same FOV values (very similar to the original paper), and (gamma/log) was encoded correctly. Regarding
NeRF approach, following the original paper, we trained one model for each scene from scratch using the training
samples as defined at the beginning of §5. Since NeRF requires multiple views of the same object, we provided the
only view available when in our RTI data. For SI-SVBRDF and SVIR we used pre-trained weights as published by the
authors. Finally, for the methods requiring SVBRDF data, we bypassed the re-rendering that reconstructs the image
from SVBRDF parameters and instead used our synthetic dataset captured under known lighting directions.

Table 3 summarizes the results achieved by each method on our synthetic dataset. Our model outperformed the
NeRF-based by a slight margin, which is interesting because we provided just a single view of the object on a method
designed to take advantage of the scene by modelling the radiance in a volume. On the other hand, the NeRF-based
approach is an order of magnitude slower than our method to train (approx. 20 hours versus 2 hours on a GeForce 4080
GPU). Considering that it is an implicit neural representation that has to be trained for every object of a dataset, such a
difference is not negligible in many applications where time efficiency is requested. Additionally, our model is simpler
and smaller in size.

SINMR and SI-SVBRDF methods produced inaccurate results, probably because neither of these methods can handle
complex cast shadows and large highlights (see in particular the first two columns of Fig. 11). Besides, there is a noticeable
colour shift and artifacts on the relighted images. Both SINMR and SI-SVBRDF are not view/light configuration agnostic,

3Additional qualitative results for multi-material synthetic images are given in supplementary material.
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Fig. 8. Relighted images by different methods on Synthetic data. Rows 2,4,6 show Euclidean distances in RGB space between the
ground truth and related images of the corresponding method.

and also their generalization capability on materials not seen during training is poor. Finally, the quantitative and
qualitative results of SVIR suggest that this method is not suitable to be applied to specific RTI data, despite performing
well in augmented reality application datasets.

In order to provide an additional analysis on the behaviour of NeRF in a realistic RTI scenario, we also compared
our method with NeRF on the RealRTI dataset, with the idea of exploring its behaviour on real-world data acquired
with standard RTI protocols. Note that in this case we avoid comparisons for other single-image relighting methods
due to the values reported in previous experiment. Quantitative results for RealRTI dataset are reported in Table 4. We
can observe that in this case the performances of NeRF are lower with respect to our technique, suggesting that the
NeRF-based model could not be suitable for typical RTI setups. This can be caused by several factors, that are different
material properties or less training images (recall that RealRTI training sets range from 37 to 62).
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Fig. 9. Qualitative comparison for real-world and synthetic multi-material data.
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Fig. 10. Relighting results of a real-world scene for different methods. Lines 2 and 4 show per-pixel error maps in RGB space and the
third row displays a shadow detail from the highlighted red region.

Table 3. Average metric values showing the comparison of our method against other NeRF and Single-image based relighting methods
on our synthetic dataset and the respective model weight sizes.

Dataset Model Network
Size (Bytes) PSNR SSIM LPIPS RMSE

Synthetic

Our 0.82 M 31.924 0.912 0.054 0.049
NeRF-based 3.16 M 31.923 0.906 0.056 0.050
SINMR 0.6 M 15.501 0.650 0.179 0.180

SI−SVBRDF 640 M 14.541 0.460 0.200 0.317
SVIR 16 M 12.273 0.307 0.290 0.365

Table 4. Average metric values showing the comparison of our method against NeRF on RealRTI dataset.

Dataset Model PSNR SSIM LPIPS RMSE

RealRTI Our 34.653 0.929 0.083 0.033
NeRF-based 33.777 0.905 0.122 0.042
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Fig. 11. Qualitative comparison of our method against other NeRF and Single-image based relighting on our synthetic dataset

5.5 Discussion on Model Sizes

In RTI applications, the amount of memory a model uses to represent the light transport function is important as well.
For this reason, we conclude with a short discussion on how the different models used in the experiments compare
with respect to the number of coefficients and storage size.

RBF requires much more space than all other methods because it simply stores the entire MLIC. PTM stores 6
coefficients for luminance and 2 for the chrominance for each pixel. RelightNet uses 9 sparse samples with a total of
45 coefficients (5 channels per sparse sample) per pixel and computes the relighting with an 11-layer convolutional
encoder-decoder network, including fully connected layers to encode light direction (≈ 12𝑀 weights total). In NeuralRTI
the pixel data is encoded to a 9-dimensional vector, with the decoder network consisting of 3 fully connected layers
with 3𝑁 units each, for a total of 3𝑁 2 + 5𝑁 weights to store4. For onTheGoRTI, per-pixel information is stored in 8

4𝑁 is the number of lights (i.e. images of the MLIC).
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values for luminance and 2 additional channels for chrominance. Their model is an MLP and requires 1252 values for
network weights and 653𝐾 for PCA vectors (total ≈ 654𝐾 coefficients). The compared NeRF-based method requires
3.16 MB to store all the network weights, requiring a training time of about 20 hours. Finally, our proposed model
requires 7 coefficients for storing the latent vector for each pixel. In the luminance-only version, we need to store 2
additional channels for average hue 𝐻 and saturation 𝑆 , but the INR is slightly smaller since the last layer produces a
single output, so the network weights are ≈ 205𝐾 for a total of ≈ 794𝐾 values to store for a 256 × 256 image (≈ 3.1 MB
assuming single precision floating point numbers). In the RGB version (the one we used for comparison in Table 3), the
INR requires 512 more weights for the last MLP layer, taking 0.82 MB of storage for the network only. Adding the 7
coefficients for each pixel, the total memory required for the RGB model is 2.66 MB for a 256 × 256 image.

Note that, as shown in Fig. 7, if we reduce the latent vector size to 4 coefficient we would get an average PSNR
lowered by 1.5% with a memory usage of ≈ 598𝐾 values (2.3 MB).

5.6 Discussion on Dynamic Visualizations

To complete the qualitative comparisons, we generated a set of videos5 to visually compare the relighting results in
a dynamic setup. We selected the best performing methods, namely: NeRF-based, RBF, NeuralRTI, and onTheGoRTI.
During the videos, the light moves around in a circle and progressively raises, increasing the elevation and tracing a
spiral on the upper hemisphere. For each video we generated 900 frames in total, in order to obtain 30 second duration
at 30 fps. Note that for our synthetic dataset we also have the ground truth for each individual frame, so we also plotted
the per-pixel absolute error, while for other dataset that was not possible.

In Figure 12 we show a per-frame comparison of two objects from our synthetic dataset. Each plot shows the rendered
light positions for each method, and the colour denotes the mean absolute error for that specific frame (the colour scale
is kept the same for the entire row for comparison). The initial part of the videos corresponds to small light elevations,
which are plotted as the outer region of the spiral in the 2D projection. We can observe that the NeRF approach has a
very similar behaviour compared to our method, as already assessed by the similar average in Table 3, but exhibits
a slightly worse performances for lower lights, probably due to the shadow complexity. We can also observe from
the videos some artefacts located in correspondence of the shadow edges where transitions are faster. Such effects
appear sometimes as irregular shadows for our method as well as for the NeRF approach, which in particular exhibits
wrong shadows disconnected from the main one, creating a "bubble-like" effect. In Figure 13 two examples of such
effect are reported. Regarding the comparison with other methods (RBF, NeuralRTI, onTheGoRTI), the videos show
that they tend to generate less smooth transitions, with partial shadows appearing very quickly rather than gradually
enlarging or reducing as the light moves. Moreover, for some methods the shadow appears brighter, and in some cases
we observed that NeRF generates blurred images, losing surface details, or alters the overall scene brightness. Specific
objects present unnatural artefacts in our method as well as for other approaches. For example, item 7 object from
RealRTI exhibits unnatural shadows at the beginning (1st second) and at the end of the video for our approach, while
other methods produce a fast decreasing in the scene brightness (see NeRF at second 26, onTheGoRTI at second 4). This
is probably due to the lack of data in the specific extreme light angles. Another example is object 5 of our synthetic
dataset, where both our model and NeRF exhibit some doubling artifacts in the shadows on the third leg from the
left. This limitation could be caused by the limited receptive field of the convolutional encoder, so the object casting

5Available in the supplementary material.
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Fig. 12. Video frame comparison from our synthetic dataset. Each point corresponds to a light position on the upper hemisphere and
its colour denotes the average absolute error for that specific predicted frame.

Fig. 13. Artifact comparison between our method and NeRF approach on two frames from the qualitative video comparison.

the shadow is not captured. An interesting improvement would be investigating other network structures (such as
transformers) to capture non-local relationships on the surface and have a better shadow representation.

To conclude, despite our method still exhibits some artefacts, the qualitative comparison under dynamic illumination
shows that the improvement with respect to other works is significant, especially in the shadow representation.

6 CONCLUSION

In this paper, we propose a novel Neural Reflectance Field method specifically designed for RTI applications. We feed the
model with light and pixel coordinates, adding a spatial-aware latent vector v𝑢,𝑣 that encodes the local behaviour of a
pixel. This specific encoding allows us to better grasp shadows and specular highlights by considering local information
in a small region. Compared to other INR approaches, this results in a more accurate result with reduced storage space.
Additionally, we propose a synthetic dataset designed to provide challenging MLIC data for RTI applications. The
dataset, together with the code used to generate it, is publicly available, so that it can be used as a common benchmark
for RTI and other related applications. Our proposed approach outperforms current state-of-the-art methods, especially
in reproducing physically accurate shadows and specular highlights.
Manuscript submitted to ACM
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