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Imaging techniques, along with their subsequent processing and analysis, are of utmost importance in
the visual documentation of conservation processes of cultural heritage (CH) objects. Amongst them, Re-
flectance Transformation Imaging (RTI) is being used as a tool for the enhancement of surface topography,
such as decorative details. This paper proposes a new approach based on advanced RTI data processing
and analysis to document the condition of metal artefacts or monitor their conservation treatments. First,
the methodology for mapping geometric and statistical information from the stack of RTI image data and
their relation to the surface topography and the appearance attributes resulting in feature maps is de-
scribed. Additionally, the possibility of quantifying intra- or inter-surface changes based on saliency and
distance measurements by applying the Mahalanobis distance (MD) on feature maps is demonstrated.
This methodology is then used for documenting the condition and monitoring the cleaning treatment of

a late Roman coin.

© 2022 The Authors. Published by Elsevier Masson SAS on behalf of Consiglio Nazionale delle Ricerche

(CNR).
This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/4.0/)

Introduction

Conservation documentation can be defined as the textual and
visual records collected during the care and treatment of an ob-
ject [1]. Visual records are a crucial component, corresponding to
recording an object’s visual appearance and surface topography at
a given time (i.e., condition assessment) or after an action (e.g.,
conservation treatments).

The visual appearance of an object is perceived through its
interaction with light. To characterise appearance, different at-
tributes, which are directly linked to the physical and optical prop-
erties of the surface, are used. Four essential attributes are interre-
lated and, when measured, can result in the "total visual appear-
ance" of an object. These attributes are colour, gloss, translucency

Abbreviations: CH, Cultural Heritage; DMM, Distance Measurement Map; LPs,
Light Positions; MD, Mahalanobis Distance; RTI, Reflectance Transformation Imag-
ing.
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and texture [2,3]. For cultural heritage (CH) metal objects, three at-
tributes are of higher importance: colour, gloss, and texture. Colour
can be used to identify the metal’s composition and equally its cor-
rosion products that create characteristic colours for each metal.
Gloss and texture, which are usually interrelated, can either de-
scribe the manufacturing process, decoration or surface finish but
can also signify corrosion or wear. These attributes can reveal tech-
nological characteristics, describe the object’s condition, or help
monitor conservation treatments in conservation documentation.

The surface topography of an object is directly related to the
micro-geometry of the surface. It represents the deviation of the
heights from a plane and is therefore interrelated with the surface
texture. In computer vision, accurate documentation can be ob-
tained through the photometric stereo, where the surface is com-
puted based on its reflectance. This method calculates the surface
orientation according to pixel-level light intensity [4]. The local
surface orientation and its subsequent illumination direction de-
pend on the surface properties, and thus the geometry can be cal-
culated based on the directionality of the surface normals.
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In conservation documentation, different imaging techniques
are used to characterise the appearance and the topography of a
surface. This paper examines the application of Reflectance Trans-
formation Imaging (RTI). RTI has been mainly utilised to study
technological and decorative features of surfaces, such as enhanc-
ing the legibility of epigraphs or surface details [5-9]. However,
there is a growing interest in exploiting RTI data to document
or monitor conservation processes. Most references present case-
study orientated approaches [6,7,10-14].

Nevertheless, different methods are proposed for visualisation
and data analysis. An extensive state of the art in RTI was pre-
sented by Pintus et al. (2019) [15].

This paper focusses mainly on methodologies for surface char-
acterisation and change detection related to data processing of raw
RTI image stacks without integrating fitting models in the surface
analysis. Towards this, few authors are have presented relevant
work. Manfredi et al. (2013, 2014) proposed a methodology that
examines the documentation of topographic changes using the sur-
face normals for characterising the directionality of change on a
mock-up painting before and after damage [16,17]. Dulecha et al.
(2019) propose a MLIC (multi-light image collections) approach for
edge detection and Convolutional Neural Networks protocol for su-
pervised classification with the goal to automatically detect cracks
on paintings [18]. Finally, Corregidor et al. (2020) extended edge
detection analysis to RTI data for documenting damaged areas on
coins [19].

Research aim

This research proposes a new data processing methodology for
exploiting RTI data to provide accurate tools for conservation doc-
umentation based on studying the appearance attributes and the
geometry of CH metal objects. The goal is to use RTI data to doc-
ument changes on metal surfaces using three different types of
maps resulting from the proposed methodologies, namely feature
maps, saliency maps, and distance measurement maps.

These maps can be of interest in condition assessment and
monitoring/documenting conservation treatments since they can
provide accurate and automated documentation processes for the
visual assessment of surfaces and change tracking. More particu-
larly, the influence of the visual appearance due to corrosion and
cleaning is demonstrated.

Theoretical aspects and methodology
Reflectance transformation imaging

RTI is a Multi-light image collection (MLIC) technique that in-
volves varying the light directions in a hemispherical light array
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a
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around a surface, to provide multi-angle photographic documenta-
tion. The general principle is well described in the literature [20-
22]. In outline, the surface under examination is placed opposite a
camera. A series of images are acquired from different illumination
angles while the camera and the surface remain fixed (Fig. 1a and
1b). This results in an exploitable RTI image stack, also called pho-
tometric stereo images, from different light positions that can be
used for further data processing and analysis (Fig.1c).

There are different methods for acquiring these types of data,
ranging from freeform acquisitions to domes [7,20,21] or, in more
recent cases, robotic arms [23]. In terms of data processing and in-
terpretation, the most common approach is through relighting, sur-
face enhancement or studying the surface normals with different
existing visualisation tools. These tools use fitting algorithms that
combine the raw image data. There are different proposed meth-
ods and algorithms to achieve this [21,24-26], but their analysis is
outside the scope of this paper.

This paper proposes a new data processing approach that could
lead to a more accurate characterisation of the examined surfaces
based on features.

Feature maps

In computer vision, the term "feature" refers to locations (cor-
ners, borders, centres, etc.) of an image that can characterise it. In
this context, feature extraction/detection is a type of information
reduction. These locations can be described through descriptors
(vector of features). For RTI data, the features are not limited to a
few locations but are calculated at every pixel and are reduced to a
single image/map. Therefore, a feature results from an algorithmic
or mathematical function applied to every pixel of the RTI stack
giving rise to a feature map. In more detail, for an RTI acquisition
of N images (Fig. 2), each pixel of the surface is associated with
an N size vector that corresponds to the local angular luminance
L(i,j,k). Then, depending on the selected feature, the corresponding
algorithm is applied to the N images for each pixel position L(i,jk),
where i and j are the pixel's coordinates and k the image number
of the stack. This results in a map (grey or false colour) that in-
corporates the features corresponding to the per-pixel result of the
mathematical function applied at each position L(i,j,k).

The available features can be estimated per pixel from the
RTI image stack and are then combined into a single visualiza-
tion (feature map). Features are divided into two main categories
based on their functionality, namely geometric and statistical, and
are listed in Table 1. Geometric features are related to the sur-
face’s directional, curvature or angular characteristics. They are
linked to surface topography and thus can give information as-
sociated with manufacturing techniques, decorative characteristics

Fig. 1. Schematic Representation of RTI methodology a. Dome based RTI set-up b. Homogeneous distribution of the light positions creating a hemisphere c. Stack of raw RTI

images illuminated at different light positions.
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Fig. 2. Schematic representation of features maps methodology.

Table 1

Geometric and statistical features that can be used for the feature maps [Nurit 2022].

List of possible features [27]

Geometric Statistical

Normal A vector perpendicular to a surface for =~ Mean, energy The average value of the per-pixel
each pixel in the cartesian space. reflectance and the sum of its squared

value respectively.

Dz*, Dx, Dy The directional slopes of each axis of Median The middle point of the per-pixel
the normal. dataset.

Kxx, Kxy, Kyy The curvature as a derivative of Dx or Standard Deviation The dispersion of the pixel values.
Dy to the respective axis.

Dip Angle’ The orientation of ¢ to the plane. Coefficient of Variation  The ratio of the standard deviation to

Azimuth Angle The orientation of the local texture.

The maximum and minimum of the
normal curvature respectively
(principal curvatures).

The average and the product of the
principal curvatures respectively.

Kmax, Kmin

Kmean*, Kgaussian*

Shape Index* Description of the form of the
curvature.
Curvedness* The measure of the intensity of the

curvature of a point.

the mean.

The distribution of the pixels
reflectance by comparing the weight
of the distributions tail to the centre.
The distribution based on its deviation
from a normal distribution.

Kurtosis

Skewness

Entropy Quantitative measure of the
randomness of the pixels for the light
positions.

Maximum and minimum values
respectively.

The ratio between the maximum and
the minimum.

Max, Min

Dynamic Ratio

* Invariant to surface rotation.

(e.g. tool marks) or surface defects (e.g. cracks) and of documenta-
tion processes (e.g. development of oxides) that provoke changes
to the surface topography. Statistical features result from calcu-
lations applied, per pixel, to the stack of RTI data, providing in-
formation related to the reflectance response of the surface for
the different light positions. These features are highly affected by
the appearance attributes of the surface since colour, gloss, and
texture can cause differences when light is reflected from a sur-
face. Statistical features can separate information based on the
changes in the specularity of the surface or the absorption of light.
Therefore, information related to colour, gloss or texture change
(e.g. corrosion products versus metal substrate) can be accurately
depicted.

An application example of features maps is presented in Fig. 3.
A region of interest (ROI) of an iron object exhibiting visible
signs of corrosion was selected. Its surface shows signs of wear
(scratches) as well as two different types of localised corrosion:
the most visible in the form of a filament (filiform corrosion) and
a reddish layer extending around the filament. Fig. 3b is a pho-
tograph of the ROI. Fig. 3a presents a statistical map based on
the calculation of the "mean", namely the arithmetic mean (u)
of the reflectance of each pixel (L(ij)) at each different light il-
lumination position (k, Fig. 2). The result is a map where each
pixel represents the average value of the reflectance response. This

map helps accurately depict the corroded areas since they differ
in colour and texture from the metal substrate, giving a different
reflectance response. The filament (high texture and dark colour)
reflects less light and therefore has a lower mean value in contrast
to the substrate. In this case, the reddish corrosion around the fil-
ament shows higher mean reflectance than the metal and can be
detected.

Fig. 3¢ presents a geometric map based on the dip angle es-
timation. This map depicts the surface topography changes in
terms of angular differentiation. Areas parallel to the camera cor-
respond to zero values (darker areas), whereas areas with higher
topography, like the localised corrosion (filament), correspond to
higher angular differences (lighter areas). Equally, surface defects
like scratches are also depicted since their orientation differs from
the surface. On the contrary, this map does not detect the reddish
layer, which creates low topographic changes.

Mahalanobis distance for surface comparison

As a further step of processing RTI data, the features can be
combined in descriptors, which are examined in a multivariate
space using the Mahalanobis Distance (MD). MD can measure ei-
ther the similarity or dissimilarity between multivariate data. It
is the distance between a multidimensional point described by a
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Mean map

Dip angle map

Fig. 3. Example of selected feature maps for the corrosion study of a metal surface a. Schematic representation of the calculation of the “mean map” b. Photograph of the

ROI c. Dip angle map.

multivariate vector and a distribution of points (also multivariate)
[28,29]:

Dy = /(X — 1) S (x = 1)’

where

x = data corresponding to multivariate vector of the point with
different variables,

y = reference corresponding to the distribution of points for the
same variables,

My = mean value of y,

Y. = covariance matrix of independent variables.

MD has in the past been used for change detection in imag-
ing with interest in spatial and temporal changes of earth’s surface.
First Osmar (2011) for calculating the magnitude component of the
spectral direction of change in Change-Vector Analysis [30]. Wang
(2020) used MD for metric learning methods by calculating simi-
larities and dissimilarities to propose a new approach for creating
different images for SARs [31].

For RTI data, x corresponds to an n — by — j numeric matrix
where n is the number of pixels of a selected feature map and j is
a selection of variables (features values). On the contrary, y corre-
sponds to a p — by — j numeric matrix. In both cases, p is the total
number of pixels of the selected feature map and j the selected
variables. The MD calculates the distance of the pixel x from the
mean of y, resulting in an n — by — 1 vector.

In this paper, the MD is examined in two ways for measuring
the distances of correlated variables that can reveal areas of low
or high similarity, visualised through distance measurement maps
(DMM). For this application, x is consistent with the surface’s pix-
els, whereas y corresponds to all the selected pixels to be com-
pared to, called from now on the "reference surface". The variables
are equivalent to descriptors. In the first case, MD is applied to the
same surface (intra-surface) and in the second case (inter-surface),
between different surfaces or between different ROIs of the same
surface. In both cases, each pixel descriptor is compared to a global
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neighbourhood (the entire surface or selected areas) using the MD,
creating thus a DMM. A schematic representation of the applica-
tion of MD on RTI data is given in Fig. 4.

The resulting maps (Saliency or Distance Measurement) can
contain different types of information. Any combination of the
above descriptors is possible. A logical grouping of the features is
used herein and, more specifically, the “geometric features” that
encompass all features related to directionality, curvature and sur-
face topography and the “statistical features” that refer to all fea-
tures related to descriptive statistics (Table 1).

Intra-surface comparison

Intra-surface comparison is the DMM resulting from the appli-
cation of the MD on the same surface. Using the calculated fea-
tures, each pixel of the examined surface can be compared to a
global neighbourhood of the reference surface and measure how it
stands out from the total; this is called saliency. In this case, both
the examined and the reference surfaces are the same resulting in
saliency maps. These maps allow for surface analysis based on de-
scriptors for identifying distinctive features of the surfaces them-
selves.

Fig. 5a explains the creation of these maps schematically. First,
starting from the stack of RTI images, the most relevant features
are selected, which results in feature maps. Then, a descriptor
(combined features) of a pixel is correlated using MD with the de-
scriptors of all the pixels. The resulting saliency map depicts sur-
face pixels that differ significantly from the mean value of the se-
lected variables (higher saliency).

Saliency maps can help further characterise a surface by doc-
umenting the variability based on selected features applied to an
RTI dataset. Therefore, the appearance attributes or localised sur-
face geometries that greatly differ from the average values of the
surface become prominent.

The same application example (Fig. 3) used for the feature maps
was examined in terms of saliency (Fig. 5b). A series of statis-
tical features were selected as variables for studying the surface
saliency. Then, the saliency map was created incorporating this
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Fig. 5. a. Schematic representation of saliency maps methodology b. Example of saliency maps for the corrosion study of a metal surface.

statistical information. The statistical feature map provided data
demonstrating that the filament is darker in colour and has a
less specular reflectance than the underlying metal. This is conse-
quently depicted in the saliency map, where it is evident that the
area with the filament differs greatly in comparison to its metal
substrate. This differentiation is caused mainly by the differences
in the physical properties between the filament (highly textured
surface, darker colour) and the metal substrate (high specularity,
lighter colour) that create a high variance in the pixel reflectance
response.

Inter-surface comparison

Inter-surface comparison is the DMM resulting from the appli-
cation of the MD between two surfaces or two ROIs of the same
surface. To achieve this, a set of features is selected following the
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methodology described above. Then the distance measurement is
calculated for each feature by computing the MD between the ex-
amined and the reference surface. The examined surface equals the
surface that provides the pixels (points), and the reference surface
is the neighbourhood of pixels to which they are compared. Each
pixel of the examined surface is thus calculated against the mean
value of the reference surface’s same variable (feature). Fig. 6a ex-
plains the creation of these maps schematically. Relevantly to the
saliency maps, the MD values of all the examined descriptors cre-
ate a unique map depicting the differences between the compared
surfaces. These maps can help identify differences between sur-
faces (e.g. monitor changes during conservation treatments or evo-
lution of corrosion) or help characterise or isolate the optical and
physical properties of the surface when applied to different ROIs of
the same surface.
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Fig. 6. a. Schematic Representation of distance maps methodology b. Example of distance maps for the corrosion study of a metal surface.

An example of the methodology is presented in Fig. 6b. The
same surface (Fig. 3) was examined under different light exposure
times. The exposure time was set at 400 ms and 150 ms for the
reference and the examined surface, respectively. Even though the
stack of the acquired images is seemingly similar, the effect of the
lighting difference is depicted in the DMM. This example demon-
strates the influence of the selection of light exposure conditions
for studying specular surfaces. The filament, having low reflectivity
and high absorption properties, is not highly affected by the dif-
ference in light exposure conditions. Similarly, the high reflective
areas are minimally affected by the changes in the light intensity.
However, areas with higher differences (yellow areas) surround the
filament are depicted in the inter-surface map. These areas corre-
spond to the reddish corrosion around the filament that has dif-
ferent optical and physical properties (thin uniform layer), which
causes differences in the reflectance response of the surface and is
affected by the exposure time.

Application in conservation documentation

The feasibility of applying this methodology for conservation
documentation is demonstrated through the condition assessment
and monitoring of cleaning treatment of a late-Roman coin from
a burial environment. RTI data were collected before, during and
after cleaning, and the resulting maps were studied.

RTI setup and data acquisition

For this study, a dome with motorised functions equipped with
a single light source (cold white LED, 6500 K) was used. An in-
dustrial, monochromatic camera (CMOS sensor: Sony IMX304, res-
olution, 4112 (H) x 3008 (V)) was placed at the top of the dome,
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and a machine vision lens was attached to the camera. A user in-
terface allows the control and setting of the experimental param-
eters. This set-up provides controllable functions in reproducibility
and repeatability of acquisitions, making surface comparison pos-
sible.

To ensure reproducibility, the acquisition conditions were kept
constant for each conservation documentation step (before/ dur-
ing/ after cleaning). More specifically, the coin was placed manu-
ally in the dome’s centre. Then, the acquisition of 150 images cor-
responding to 150 light positions (LPs), homogeneously distributed,
covering a hemisphere around the coin was applied. The exposure
time was estimated for "before cleaning" and was kept at 500 ms.

The resulting stack of images require the following pre-
processing steps:

1. [llumination correction by applying a flat field correction: The
light source is not collimated, resulting in a non-uniform sur-
face illumination. Flat field correction was applied to eliminate
the inhomogeneity of the light distribution. A per-pixel coeffi-
cient was applied to the raw image data based on the mean
pixel value of the central location. A white wavelength calibra-
tion standards (Spectralon® 99%) was used to calculate this co-
efficient. An acquisition similar to that of the coin (same magni-
fication, same LPs) was obtained, and after applying a low pass
filter, the mean pixel value of the central area (800 x 800 pixel
window) was estimated per light position. This value was then
used to calculate a pixel-wise correction coefficient matrix for
each LP. This coefficient matrix was then applied to the coin’s
raw image stack, resulting in homogeneous lighting for each il-
lumination angle. The corrected images were used for the im-
plementation of the methodology mentioned above.
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2. Image registration: The placement in the centre of the dome
was performed manually; therefore, post-processing image reg-
istration, using multimodal translation, was applied to each
separate image stack to allow for better visual comparability of
results and selection of the ROL. However, it must be noted that
the application of MD corresponds to the comparison between
each pixel and the distribution of pixels; therefore, image reg-
istration is not necessary for the calculation, except in the case
of the features that are not invariant to rotation (Table 1).

. ROI selection: The map calculation is performed on the entire
imaged surface. In the case of the coins having a round shape,
the background can influence the results. To isolate the image’s
background, a mask was applied that allows the selection of the
appropriate ROL

The case study

The studied artefact is a late-Roman bronze coin of emperor
Valens, struck at the mint of Nicomedia, 364-367 A.D. [32]. The
chemical composition of the coin and the soiling elements were
identified by X-Ray spectroscopy (Niton™ XL3t XRF Handheld
analyser, Thermo Scientific, 50 kV, Ag anode). The metal composi-
tion is a high copper (Cu) alloy with lead (Pb) and tin (Sn). In ad-
dition, the coin is covered with soiling elements consisting mainly
of silicon (Si) and aluminium (Al), usually corresponding to sili-
con oxide (SiO,) and aluminium oxide (Al,03), commonly found
in soils.

In its initial condition (before cleaning Fig. 7), most parts of
the coin were covered by thick soiling encrustations, whereas the
patina is visible in some areas with higher reliefs. Cleaning was
performed by mechanical means following standard conservation-
restoration practices. After cleaning, the coin presents a homoge-
neous dark patina for the most part; however, there are some mi-
nor areas where reddish corrosion products are visible as well as
residual soiling. The different surface conditions (i.e. before/after
cleaning) and materials (i.e. soiling encrustations, various metal
corrosion products) correspond to distinctive appearance attribute
characterised by differences in colour, texture and gloss. The soil-
ing areas are lighter in colour and exhibit a rougher diffusive
texture compared to the patina, which is darker in colour and
presents a homogenous smoother texture. On the other hand, the
reddish corrosion products are of a different colour and present
higher specularity than the other materials.

Results
Feature maps

Feature maps present a great variety (Table 1); here, a selec-
tion of geometric and statistical features that better describe the
surface topography and the appearance attributes, as well as their
consequent change due to cleaning, are shown (Fig. 7). A full list
of the resulting feature maps is presented in the appendix.

In terms of geometric features (Fig. 7), the normal maps
demonstrate the overall change of the surface in terms of topog-
raphy. The reliefs of the coin are covered with the soiling encrus-
tations that, when removed, become more pronounced. Moreover,
Dx, Dy and Dz maps can isolate the directionality of change, en-
hance the surface geometry and reveal the result of mechanical
cleaning. More importantly, the Dz map demonstrates the areas
with higher reliefs (dark areas) and, in the case of cleaning, can
enhance the coin’s legibility. The dip angle map provides more de-
tails on the changes in the surface texture since it describes the
angular orientation of each pixel. Therefore, it detects better the
changes in surface texture before and after cleaning and can be
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used for documenting cleaning processes with significant changes
in textures, such as archaeological coins.

Regarding the statistical features (Fig. 7), the mean map depicts
the average pixel values representing the reflectivity and colour of
the surface. Before cleaning, the whitish and diffuse soiling encrus-
tations present higher values than the patina. On the contrary, af-
ter cleaning, the lighter coloured areas become dark, corresponding
to the darker colour of the surface (patina). In parallel, the higher
reflectivity of the reddish corrosion products is also depicted by
high pixel values. Equally, each statistical feature can provide ad-
ditional information on the surface reflectance response and their
comparison before and after cleaning clearly depicts the difference
in the appearance provoked by the treatment. A common result of
studying all statistical maps is that they demonstrate the homo-
geneity of the surface appearance after cleaning.

Saliency maps

Representative sets of features were selected to analyse the
prominent attributes of the coin’s surface, before and after clean-
ing, based on the results of the features maps. Since the surface
changes relate to changes in the topography, the entire set of ge-
ometric features was studied (geometric features). However, the
saliency maps related to geometry provide more information when
the directional descriptors are separated. For example, the saliency
map of "Dx, Dy, Dz", before and after cleaning, shows the areas
where the surface details become more evident after removing the
soiling elements. At the same time, the saliency maps of the statis-
tical descriptors (statistical features, mean) mainly identify the ar-
eas where there is a higher difference in the reflectance response
of the surface corresponding to the patina before cleaning and the
reddish corrosion products after cleaning.

Distance maps

Distance measurements were performed before, during and af-
ter cleaning. The most important information was revealed when
the coin was half cleaned (Fig. 8). A comparison between an un-
clean area (red circle Fig. 8) was used as a reference, and the MD
in different sets of features was calculated for the entire surface
(yellow circle, Fig. 8).

The geometric maps demonstrate the changes in the direction-
ality of the reflectance of the surface in different areas. For exam-
ple, in the left part (cleaned area), the borders of reliefs of the
design show higher differences (yellow colours) and the decora-
tive details are pronounced. Additionally, in the statistical maps,
the cleaned area presents high differences from the uncleaned due
to the surface colour and texture changes that result in more re-
flective surfaces.

Discussion

The appearance attributes of a surface like colour, texture, gloss
and translucency are the main characteristics that change when
a conservation treatment is performed. For example, cleaning will
usually result in the change of colour and texture of the material;
or, removing varnish from a painting will create a difference in the
surface glossiness; these changes can be easily tracked with imag-
ing techniques.

In this research, the surface characterisation is based on RTI
data processing and can be obtained by examining the appropri-
ate features that provide information on the visual appearance and
surface topography. Therefore, an automated way of documenting
the surface on any object that exhibits differences in the texture,
colour or gloss and their resulting change through conservation-
restoration treatments is feasible.
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Fig. 8. Distance maps of the coin during cleaning. Top: red circle is the reference area (before cleaning) and yellow the examined one (the entire coin). Bottom: Selection of
DMs that demonstrate the changes on the surface between the un-cleaned and cleaned area.

More specifically, geometric features are related to the direc-
tional, curvature and angular information of the surface as de-
picted from the light illumination in different directions. Statistical
features are more linked to the appearance attributes of the sur-
face since they provide information related to the reflectance re-
sponse that is highly influenced by the colour, gloss and texture.
This information is well defined in the features maps that can be
used to accurately characterise an object’s overall surface proper-
ties. Information related to technological characteristics, corrosion
products and different manufacturing materials can be well docu-
mented in an automated way. Comparing the same maps between
different conservation treatments or cross-time can provide infor-
mation on the changes in surface properties.

Saliency and distance maps are adjustable and can provide
multivariate information as well as a visualised quantification of
change by comparison. In addition, these maps provide localised
information based on global changes and, therefore, can estimate
the degree of change. However, when studying changes at differ-
ent time intervals or actions (i.e. before/after cleaning), the geo-
metric reference points are calculated for each surface. Therefore,
an arithmetic value of the degree of change at each interval cannot
be estimated.

Even though the application of the methodology is straightfor-
ward, the selection of the appropriate maps and their interpre-
tation require expertise in material properties and their conse-
quent change when conservation treatments are applied, as well
as knowledge in RTI imaging. The proposed methodology is more
adaptable to cases with prominent topography and changes with
well-defined appearance attributes. With the main interest of doc-
umenting high specular surfaces such as metals, the proposed
methodology can be applied to different materials and surfaces to
provide valuable information on the surface characteristics.

Conclusions

This paper proposes a new methodology for processing RTI
data that can be used for automating conservation documenta-
tion processes, such as condition mapping. It demonstrates how
the surface geometric characteristics and appearance attributes can
be exploited for accurate and automated surface mapping. When
the appropriate features are selected, information related to sur-
face changes can be revealed. The topography of a surface and
consequent geometry changes due to conservation treatments can
be documented through geometrical maps. Statistical maps bet-
ter document the surface changes in colour, texture and gloss.
Saliency maps can reveal information on the different character-
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istics of the surface and help identify areas with prominent char-
acteristics through classification. Distance measurements can track
changes between surfaces or areas of the same surface and detect
areas with high differences providing information on the extent
and location of the change.
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