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ABSTRACT

The use of neural encodings has the potential to replace the commonly used polynomial fitting in the analysis of
artwork surface based on Reflectance Transformation Imaging (RTI), as it has proved to result in more compact
encoding with better relight quality, but it is still not widely used due to the lack of efficient implementations
available to practitioners.

In this work, we describe an optimized system to encode/decode neural relightable images providing in-
teractive visualization in a web interface allowing multi-layer visualization and annotation. To develop it, we
performed several experiments testing different decoder architectures and input processing pipelines, evaluating
the quality of the results on specific benchmarks to find the optimal tradeoff between relighting quality and effi-
ciency. A specific decoder has been then implemented for the web and integrated into an advanced visualisation
tool. The system has been tested for the analysis of a group of ancient Roman bronze coins that present scarce
readability and varying levels of preservation and that have been acquired with a multispectral light dome. Their
level of corrosion and degradation, which in some cases hinders the recognition of the images, numerals, or text
represented on them, makes the system testing particularly challenging and complex. Testing on such a real case
scenario, however, enables us to determine the actual improvement that this new RTI visualization tool can offer
to numismatists in their ability to identify the coins.

Keywords: Neural relighting, web-based visualization

1. INTRODUCTION

Reflectance transformation imaging (RTI)1,2 is an extremely popular type of surface capture exploited in the
Cultural Heritage domain for the interactive analysis of the objects through changes in the light source direction.
The method is typically based on a direct interpolation of a set of sampled images with known illumination
(Multi-Light Image Collection, MLIC), which is achieved by storing a per-pixel compact representation and
a function providing the relighted color given a novel light direction. Typically, this function is fixed and
controlled by few parameters, and the per-pixel representation is based on the coefficient of a polynomial fitting
(Polynomial Texture Mapping, PTM1), or of the decomposition in Hemispherical Harmonic components (HSH?).
Recent works showed that more realistic relighting can be obtained with a combination of Radial Basis Function
interpolation and PCA decomposition3 and that even better results are achievable by using a pixel encoding
and a neural representation of the relighting provided by a neural network trained with the MLIC data.4 This
last approach, however, has never been applied for practical artwork analysis due to limitations in the efficiency
of the relighting and the lack of reliable visualization software. As it is possible to see in the cultural heritage
literature, while many works are exploiting RTI for surface analysis, a lot of them still use old software tools
providing low-quality relighting with limited specular effects and relevant artifacts in shadowed regions.5
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The low fidelity in the material properties during the interactive relighting may be particularly bad for the
analysis of surfaces with glossy parts and complex material behavior, like coins. Coins have been analyzed using
RTI,6–8 but, even in recent works, using tools allowing only polynomial or second order HSH encoding of the
relightable images.

In this paper, we show that the increased relighting quality provided by neural encodings can be integrated
into real-time interactive tools.

In particular, we show that it is possible to overcome the limitations of the current Neural RTI implemen-
tations by simplifying the decoder architecture keeping high-quality reflectance interpolation and optimizing
the implementation of the shader allowing a real-time relight for large images on personal computers. To do
this, we changed the encoder/decoder architecture to reduce the number of operations required by the decod-
ing/relighting step, and we created a specific shader to render the relighted images that can be integrated in
advanced visualization tools.

To demonstrate the effectiveness of the proposed methods, we captured with a multi-spectral light dome and
visualized a set of ancient Roman bronze coins that present poor readability and different levels of corrosion and
degradation, requiring careful analysis to recover useful information for their identification and study.

2. RELATED WORK

The use of a neural encoding for Reflectance Transformation Imaging was proposed by Dulecha et al.,4 showing
huge improvements in the quality of the relighted images with respect to the classic methods (PTM, HSH).
The method features an asymmetric autoencoder architecture, with three fully-connected layers of fixed size
(equal to 3N where N is the number of images) in the encoder part creating a latent representation with nine
binary coefficients and a decoder with four fully connected layers of the same size transforming the latent code
concatenated with the light direction in the RGB color of the pixel. A limit of the method is the complexity of
the runtime decoding depending on thousands of parameters due to the fully connected architecture.

A modified NeuralRTI architecture has been proposed by,9 replacing the encoder with a PCA-based repre-
sentation in order to process a huge number of input images. However, the decoder part features one layer more
than the original network and the per-pixel encoding is also heavier.
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Figure 1: Original NeuralRTI scheme.4 Top: training network with the encoder (3 layers) and the decoder (4
layers). They have the same number of parameters set to 3N. Bottom: the relighting (inference) is made with
the decoder only starting from the saved latent space features (stored as image layers) and creating the RGB
values for all the image pixels given an input light direction



Other methods based on neural networks have been proposed for the encoding of relightable images, even if
proposed in different contexts, but not for real-time inspection in the style of RTI visualization.10,11

None of these methods have, however, been integrated into software tools for the interactive relighting of
surfaces, that are usually employed in the Cultural Heritage domain. A list of tools of this kind is presented
in an established survey paper.5 Many of them are not public or not widely used, and most research groups in
the Cultural Heritage domain still use the oldest one, RTIViewer, supporting PTM and HSH relighting and a
few image enhancement filters.12 However, some interesting, public RTI visualization tools have been recently
presented, allowing a more flexible rendering and supporting different kinds of relightable image formats, e.g,
MARLIE,13 that also supports normal and BDRF representations, and OpenLIME14s. These tools make it
possible to create rich interactive visualizations of standard and relightable images showing multiple layers and
annotations.

For this reason, we developed a simplified version of Neural RTI reducing the number of required parameters.
We also developed a custom shader for the interactive relighting of neural encodings, and integrated it into the
OpenLIME visualization system.

3. REVISITING AND SIMPLIFYING NEURAL RTI

NeuralRTI4 is based, in the original formulation, on the encoder-decoder structure represented in Figure 1. Both
the network’s sections are composed of a series of fully-connected layers, each one containing 3N parameters
(where N corresponds to the number of training light directions) and provided with an ELU activation function.
The encoder is required to compress input samples into feature data, the decoder takes these compressed data
and a given light direction to predict a relighted image.

The network is trained end-to-end on the set of RGB values (with corresponding light direction) with the
goal of minimizing the mean squared loss between predicted and measured pixel values for each specific light
direction in the input data.

After the training is finished, the decoder’s learned parameters and encoded feature data have to be saved.
With the purpose of using this network as a web-based application, thus on a browser, particular attention
should be put to data memory occupation. Feature data are basically a 3-dimensional matrix having the same
resolution as input images and a number of channels equal to the number of encoding parameters, set by the
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Figure 2: Modified NeuralRTI scheme. Top: training network with the encoder (4 layers) and the decoder (3
layers). They can be tuned in different ways. Bottom: inference, using the decoder only given the latent features
layers and the novel light direction. Note that the size of the decoding layers can be configured (setting it as
desired in the training phase and storing the information as an input for the shader).



Table 1: Comparison of average PSNR obtained on the SyhthRTI benchmark by the original Neural RTI (3L-
4L) and by the classic 2nd order HSH method (values from4) and the modified Neural RTI with an additional
encoding layer and three (4L-3L) or two (4L-2L) decoding layers.

Dataset HSH(48) Neural 3L-4L Neural 4L-3L Neural 4L-2L

SynthRTI Single 33.33 31.00 34.60 31.92

SynthRTI Multi 26.46 27.39 28.80 25.76

user. In4 it has been shown that the method is able to give a high relighting quality with a really compact
per-pixel encoding (9 parameters per pixel, that can be easily stored and distributed on the web as three RGB
images, encoded as .jpg or .png files).

The main drawback of the method is that, even if the per-pixel encoding is compact and the quality high,
the computational cost of the relighting is high, as it requires loading 11 ∗ 3N + (3N)2 + 3 ∗ 3N trained weights
plus 3N + 3N + 3 trained biases and do the corresponding multiplications.

To make the decoder lighter, thus decreasing computational effort in prediction, we modified the original
architecture reducing the number of parameters and related operations in the decoding phase.

In detail, we changed the number and the size of the layers of encoder and decoder, evaluating the effects of
the choices on the relighting accuracy exploiting the same public benchmark (SynthRTI) used in.4

The modifications proposed are derived from simple observations: the first is that there are no issues in
adding layers to the encoder, but it is fundamental to reduce the complexity of the decoder. For this reason,
we first removed one layer from the decoder while adding one layer to the encoder checking the effects on the
relighting quality. The modification in the layer structure is shown in Figure 2.

Table 1 shows that adding one more layer in the encoder and removing one layer in the decoder, keeping the
layer size unchanged, the quality of the relighting measured on the benchmarks used in4 is actually increased.
Removing a second layer, instead, create a large error in the relighting of surfaces with multiple materials. The
configuration with four encoder layers and three decoder layers seems therefore the optimal one.

The second observation, is that there is no need for the intermediate layers of encoder and decoder, to have a
number of elements equal to the input size (3N, e.g., red, green and blue components of the N captured images
of the MLIC data). In our modified model we set a constant value S1 for the encoder layers and S2 for the
decoder, and tested the effect of varying them.

Note that our objective is to minimize the total number of the decoder parameters that increment the number
of multiplications and sums to be performed in the shader. This number is obtained by summing weights (W )
and biases (B) from Equation 1, where S2 is the number of output coefficients from the FC-layers in Figure 2.

We tested the effect of changing the value of S2 to create relightable images for the SynthRTI benchmark. We
tested values proportional to the value N of the input light directions in the datasets to have values comparable
with those reported in.4 In detail, we used S2 ∈ [3N; 1N; 0:5N; 0:25N ]. The PSNR obtained in the comparison
of the relighted images with the ground truth for varying S2 on SynthRTI is reported in Table 2. Figure 3 shows
that for he multi-material surfaces, that are the most relevant for practical purposes S2 = N =∼ 50 works well
and an increment in the layers’ size does not result in increased quality.

We decided, therefore, to use this value as the default size in our implementation. However, we included
the decoder layer size as a user parameter in the decoder, so that the value of S2 can be tuned when creating
the relightable images to have the desired tradeoff between relighting accuracy and decoding time. Note that,
however, S2 = 50 allows interactive relighting of very big images in our optimized shader.

W = 11 ∗ S2 + S2
2 + S2 ∗ 3

B = S2 + S2 + 3
(1)



Table 2: Average PSNR values obtained comparing original and relighted images, vs number of parameters on
SynthRTI. N is the number of training lights, which for SynthRTI is equal to 49 for all objects and all materials.

Decoder config. # of parameters Single Multi

3N 23964 34.60 28.80

1N 3188 34.28 28.78

0.5N 1028 33.64 28.24

0.25N 339 31.54 26.21
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Figure 3: Average PSNR vs number of parameters on SynthRTI. The x-axis is in logarithmic scale, so to show
the benefit from choosing a configuration with less parameters.

4. NEURAL RTI SHADER AND WEB VIEWER INTRGRATION

This application aims to be easy to use for cultural heritage experts, in practical use cases. The most common one
is an interactive visualization of the relightable image, e.g., using the computer’s mouse to dynamically change
the light direction. For this reason, we focused on decreasing the complexity of neural decoding calculation, thus
to allow real-time relighting.

Once the network was changed and improved, we chose a certain decoder configuration and developed a first
visualization tool, in JavaScript, built upon that configuration. This way, it is possible to use the decoder on a web
browser, making it easier to share it among different kinds of users. The decoding is done by exploiting a WebGL
context and the OpenGL Shading Language (GLSL) to maximize the use of GPU’s computing performance.

Afterward, the tool has been integrated into OpenLIME,14 an open-source viewer useful for various kinds of
visualization other than simple RTI. The application allows for interactively inspecting the captured surface with
the Neural RTI quality. This makes it possible to better perceive the details of the coins thanks to the improved
quality of the shadows and the specular highlights. A screenshot/video of the OpenLIME interface showing the
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Figure 4: Examples of relighted images on selected coins. (a) Original image of the MLIC acquisition, captured
with light coming from the top. (b) Relighting with the same light direction performed with third order HSH
model (48 parameters per pixel). (c) Relighting with the same light direction performed with interactive Neural
RTI (9 parameters per pixel). (d) Euclidean distance in RGB space between HSH relighting and ground truth.
(e) Euclidean distance in RGB space between NeuralRTI relighting and ground truth.

Neural RTI relightable images, is shown in Figure 5. In the video it is possible to see that the user can not only
inspect the surface by changing the light direction, but can also rotate the coin to make the inscriptions easier
to decode, compare different layers using also a lens tool showing additional layers that can be added. In our
coins’ study, we added the IR and UV layers as well as the albedo and normal maps.

5. APPLICATION: RELIGHTING AND ANALYSIS OF ROMAN COINS

The novel tool for creating and analyzing relightable images has been tested on a collection of Roman coins
provided by the National Museum of Aquileia (Italy) and is currently studied at the Centre for Cultural Heritage
Technology (CCHT@Ca’ Foscari) of the Italian Institute of Technology (IIT). The coins have been acquired with
a multi-spectral light dome capturing the reflectance in the visible, IR, and UV domains.15 Images have been
pre-processed and corrected to account for the non-uniformity of the light beams using the pipeline described
in.15 Three or four coins have been acquired for each scan, placed at a distance of approximately 5cm over a
dark, matte background. In this configuration the variation in the light directions within a coin region is small
and the directional light assumption reasonable. We, therefore, used it, assigning to each cropped coin area the
average direction derived from the calibration data within the region.

With the 36 Megapixel camera used for the acquisition (Nikon D810) the resulting resolution of the scans is
then approximately 0.03mm per pixel.

Figure 4 shows a comparison of neural relighting with corresponding ground truth images and HSH (third
order) relighting of three coins of the set analyzed.

The top row shows a Sestertius (Roma, 243-4 CE), representing Emperor Godianus III, and the middle row
shows an Antoninianus coin of the Emperor Claudius II (Siscia, 268-70 CE), the bottom row shows another
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