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Artworks need to be constantly monitored to check their state of conservation and to quickly spot the eventual presence of
alterations or damages. Preventive conservation is the set of practices employed to reach this goal. Unfortunately, this results
generally in a cumbersome process involving multiple analytical techniques. Consequently, methods able to provide a quick
preliminary examination of the artworks (e.g., optical monitoring) seem very promising in order to streamline preventive
conservation procedures. We are especially interested in the study of historical wood musical instruments, a kind of artwork
particularly subject to mechanical wear since they are both held in museums and also occasionally played in concerts. Our
primary goal is to early detect possible altered regions on the surface of the instruments and thus provide the experts some
precise indications on where to apply more in-depth examinations to check for potential damages. In this work, we propose an
optical monitoring method based on the a-contrario probabilistic framework. Tests were conducted on the “Violins UVIFL
imagery” dataset, a collection of UV induced fluorescence (UVIFL) image sequences of artificially altered wood samples and
violins. Obtained results showed the robustness of the proposed method and its capability to properly detect altered regions
while rejecting noise.
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1 INTRODUCTION
The main aim of preventive conservation procedures is to reduce the risk of alteration of historical artifacts and to
avoid the natural aging of materials (such as pigments, organic binders, or protective layers), with the consequence
of a general reduction of the requirements to carry out operations of restoration. A preventive conservation plan
involves several different operations including the study of the environmental areas of buildings, microclimatic
conditions, materials, airborne pollutants, and even the effect of the visitors in the museum [62].

Preventive conservation procedures have been carried out since the 1980s, and thus, nowadays, there is an
extensive scientific literature concerning the evaluation of the indoor microclimatic conditions in the museums,
ancient palaces, or depositories [5, 54, 57], and it is well known that the main factors that can generally accelerate the
degradation processes of artworks are temperature, dampness, relative humidity, and pollutants. Bad conservative
conditions can increase the risk of damage to the materials of the exposed artworks, leading, for example, to
chromatic variations, modifications in the organic structures of the binders, or mechanical alterations of the
stratigraphic system of the artifact. In the last years, the research for preventive conservation plans has aimed to
develop new standards and protocols to control the indoor environmental parameters and, at the same time, to check
day by day the conservation state of artworks and their original materials [11, 31, 41].

During the centuries, a lot of cultural assets, such as furniture or archaeological finds, have lost their original
employment, and today they are preserved as historic and artistic exemplars from the past centuries. Nowadays,
those kinds of objects are considered at the same level as other more “standard” artworks, like paintings or statues,
and thus they are included in preventive conservation plans. However, in some cases, the use of those objects can
still be performed, as for musical instruments in general and violins specifically. Musical instruments represent a
particular class of artworks, on which conservation is not limited to their materials but also concerns the preservation
of their acoustic quality [7, 21]. The use of these artifacts involves new problems concerning the conservation of
materials: (i) dirt deposits on the musical instruments, depending on the climatic conditions such as the presence
of pollutants, the dirt particle size, or the varnish surface roughness; (ii) direct contact with the player that may
prompt dirt deposition and adhesion on the surface, due to the exposure to bad conditions during the performance;
(iii) wearing of the varnishes and presence on the surface layers of sweat and acid compounds due to the direct
contact with the violinist’s skin. Furthermore, the analysis of their surface is particularly challenging. First of
all, the varnishes are generally highly reflective, thus, noisy reflections, that can be confused for alterations, are
common during photo acquisition. Secondly, varnish wear can evolve in different ways depending on both the
initial conditions of the surface and on the different substances present. Finally, the surface can be very complex
and stratified due to multiple restorations having occurred during centuries (which is very common for historical
violins).

Because of all those conditions, it became important to develop innovative non-invasive diagnostic procedures
to monitor material transformation and to evaluate the conservation state of the musical instruments, especially
regarding the wearing of the varnishes. The combined use of multiple analytical techniques has proved beneficial
for handling these issues [20, 51]; however, this preventive conservation approach is very time consuming and can
become tedious and prone to human errors if multiple instruments are being monitored at the same time. A more
efficient procedure should consist of regular but rapid optical analyses of images of instruments to quickly identify
the possible altered areas. The result of this analysis will indicate where a more thorough multi-modal analysis
(i.e., the application of spectroscopic examinations) is needed. Image acquisition is very fast compared to other
chemical-physical examinations, thus, ideally, using image processing, it would be possible to frequently examine
in a limited time the state of conservation of one or more artworks, focusing the human attention only on those that
are genuinely at risk.

In this work, we propose a probabilistic method for the early detection of alterations on varnished wooden
surfaces of historical instruments, using multi-temporal image series acquired through UV induced fluorescence
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photography (UVIFL), a well-known diagnostic technique largely employed in Cultural Heritage studies [29]. Our
proposal is based on the a-contrario framework [13, 14] and it improves the method presented in [47, 48] which
deals with the detection of changes between two single frames: a reference image and an up-to-date acquisition. In
this work, we extend the detection framework in order to process a temporal sequence of changes and to account
for their significance with respect to the spatial plus time dimensions. The main benefit of this approach is that the
analysis is now focused on the evolution of the alterations in time, which in turn allows us to detect the wear more
reliably. Specifically, we can successfully handle noise and artifacts that would have been detrimental to the change
detection process if only two frames were used. This is important as an alteration generally varies slowly between
frames in its early stages, and abrupt changes are still possible, but less likely.

A preliminary version of this multi-temporal approach was presented in [46]. Here, we both improve the
theoretical bases and present an in-depth experimental analysis.

The remainder of the paper is structured as follows: Section 2 introduces the UVIFL photography and explains
why it is useful for our purposes; Section 3 provides a brief summary of state-of-the-art image processing methods
for damage and change detection, with a focus on Cultural Heritage applications; Section 4 presents the proposed
approach; Section 5 discusses the experiments and the obtained results; finally, Section 6 draws the conclusions
and proposes possible future steps.

2 UV INDUCED FLUORESCENCE (UVIFL) PHOTOGRAPHY
In the Cultural Heritage field, UVIFL photography is one of the most commonly employed non-invasive diagnostic
techniques. It is based on the properties of some organic substances that react to UV radiation (generally in the
UV-A range, between 315 and 400 nm), re-emitting radiations in the visible spectrum (400 - 700 nm) [29, 55].
This process allows us to see details which are not visible when using a standard illumination, such as, in the
case of historical violins, substances commonly adopted as binders, pigments, adhesives, or material used for
retouching [6].

Fig. 1. Example of alteration growing on the top left side of a sample violin back plate (image brightness and contrast
are manually increased for a better readability) – real alterations highlighted in red, noisy reflections in green: (a) the
initial state, reference UVIFL image; (b) same region with some alterations in an early stage, i.e. having limited color
variations that can be confused with noise; (c) same region with a large alteration in an advanced stage exhibiting
very evident variations in both shape and color with respect to the reference image.
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However, even if fluorescent materials produce characteristic color responses (e.g., a yellow fluorescence can be
attributed to oils and a green one to protein substances such as hide glues [4]), the fluorescence phenomenon alone
is not sufficient to unambiguously identify materials. In fact, the varnishes adopted in violin making include very
heterogeneous mixtures of substances, that, added to the various restorations occurred during centuries, create very
complex emission spectra. Hence, there is not a unique color-substance match. Moreover, UV radiation penetrates
only the superficial layers of varnishes, thus the underlying ones cannot be detected by this technique. Given these
limitations, UVIFL images are mainly employed as a preliminary analysis [17] to spot regions of interest where
to apply more precise, but slower, spectroscopic techniques, such as X-Ray Fluorescence (XRF) [52] or Fourier
Transform Infrared (FTIR) spectroscopy [28], to fully characterize the materials present.

In the current scenario of a constant monitoring, UVIFL photography can be particularly helpful to spot new
superficial alterations, since, when the wear removes the outer layers of varnishes, the lower layers start becoming
visible producing slightly different fluorescence colors. Thus, the occurrence of a color variation in a region while
the surroundings remain unchanged is a clear hint of a possible alteration. Of course, it is important to take into
account the possible presence of noisy reflections (due to the high reflective varnishes), that can sometimes occur
even with a rigorous acquisition process, and that can be mistakenly interpreted as alterations, especially in the
early stages, as illustrated in Figure 1.

3 PREVIOUS APPROACHES FOR DAMAGE AND CHANGE DETECTION
During the last two decades, computer vision has been more and more used in artwork health monitoring. A widely
studied topic is the detection of cracks in paintings. Notable approaches in this field include the use of content-based
analysis [1], the extension of morphological operations to hyper-spectral images [12] and the combination of
elongated filters, multiscale morphology and K-SVD [10], subsequently improved using multimodal data [43].
Numerous other examples can be quoted from damage detection and identification in stone artifacts [8, 24, 38],
to monitoring the decay of frescoes [26], to detection of damaged archaeological sites from space [9]. However,
computer vision methods are still rarely used for wear detection in varnished wooden surfaces, such as those of
historical musical instruments. Attempts have been made to detect areas with ingrained wear, that had peculiar
chromatic characteristics [18], but this approach is useful only to monitor surface damages already in an advanced
stage and not to spot new ones, that are typically smaller and more difficult to identify.

In this study, we assume that we have at our disposal an image time series, and that our objective is to detect
wear evolution (apparition and/or spatial growing). Then, considering the first image in the series as a reference, we
can cast wear detection as a change detection problem.

In recent years, change detection has been tackled with deep neural networks for a variety of applications such
as remote sensing [30, 60], city [59], traffic [37] and medical [32] monitoring, or safety controls [56]. Typically,
the feature extraction modules of these architectures are fine-tuned on a large enough set of samples of the target
domain. However, even if machine and deep learning approaches have been also proposed and evaluated in the
Cultural Heritage field, their adoption is not as widespread as in other sectors, mainly due to the limited availability
of annotated data [22]. In our considered scenario, the relative scarcity of the data coupled with the high level of
imprecision of the expert annotations favor alternative approaches in which prior information may be more readily
integrated into the models. Luckily, the more traditional computer vision techniques have proved to be very useful
and applicable in this context. For instance, recently, Dondi et al. [19] presented a segmentation approach based
on histogram quantization and a genetic algorithm. Again, when extending the possible approaches to different
application fields, the literature is vast, ranging from clustering to segmentation algorithms, and covering defect or
anomaly detection methods as well. Let us thus better specify our problem.

Since wear areas are highly variable, we look for some approaches which can handle the difficulties in wear
detection (unknown shape, unknown distribution, high amount of noise) while at the same time providing a criterion
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for judging how likely a certain configuration of local variations would be an actual change. Both spatial and
temporal consistencies could indicate a wear region. The probably most popular approaches to satisfy the mentioned
requirements are the 3D data (width-height-time) clustering algorithms applied to image series, e.g. to monitor
“gradual” changes in remote sensing [66]. However, the proposed methodologies are difficult to transpose to our
case since these methods work with very long image sequences (spanning months and years, e.g. Santos et al. [53])
to cope with seasonal variations and they focus on semantic and balanced classes, e.g. Zhang et al. [64].

Apart from these rather traditional approaches, the a-contrario framework introduced by Desolneux et al. [13] has
also the potential to comply with our problem specifications. Across the computer vision field, it has been used in a
variety of problems, including the detection of changed areas across multi-temporal images. In early studies, Lisani
and Morel [33] used a-contrario framework and spectral invariant features to detect meaningful changes between
two satellite images of the same area taken at different times. In 2007, Rousseau et al. [50] proposed an a-contrario
approach for change detection in three dimensional multi-modal medical images, such as Magnetic Resonance
sequences. In 2010, a similar approach was proposed by Robin et al. [49] for sub-pixel change detection in a
time-series of satellite images. Flenner and Hewer [23] further investigated this approach by using exchangeable
random variables instead of independent and identically distributed (IID) assumption. As a later example, Liu et
al. [34] applied a-contrario framework for comparing very high-resolution images of urban areas.

In the field of preventive conservation, the a-contrario framework has been used for the comparison of two
single images to detect changed pixels, and then to group them either in a two-step process [45], or in a one-step
process [48] by considering both their location and their gray-level value. While such approaches handle some of
the aforementioned problems, they only work with two frames of the series at a time, missing some potentially very
useful information present in the temporal evolution of the clusters, that would make the distinction between wear
and noise more evident. The current paper aims to introduce the notion of time into the a-contrario framework via
the definition of the noise model and the computation of the number of false alarms.

4 THE PROPOSED APPROACH
4.1 Basics in a-contrario framework
In the a-contrario framework, the words ‘a-contrario’ refer to the fact that detection is performed by contradicting a
‘naïve’ model that corresponds to the null hypothesis (𝐻0) in statistical decision theory. Then, to instantiate an

a-contrario detection model, one has to define the two following elements: first, the naïve model that represents the
noise in the absence of structures to detect, and second, a measurement of deviation relatively to the naïve model,
from which the decision of a detection (or not) will be taken.

In image processing, two naïve models have been widely used, namely the Gaussian and Bernoulli models that
stand for gray level and binary images, respectively. In the Bernoulli model, the pixels independently take values in
{0, 1} set. If we denote by 𝑝 the Bernoulli distribution parameter (probability for a pixel to equal 1), this model is
equivalent to assuming that the 𝜈 pixels with value equal to 1 are uniformly distributed on the image spatial domain
(of size |I | in pixel number) and 𝑝 = 𝜈

|I | :

DEFINITION 1 ( NAÏVE MODELM0). The set of points with value 1 is a random set of 𝜈 independent, uniformly
distributed points over the image lattice I.

Note that according to this naïve model, the probability of observing a pattern of 𝜅 points by chance is given by
the binomial distribution.

As second element of a-contrario detection, the Number of False Alarms (NFA) has been proposed in Desolneux’s
seminal article [13]. It represents the average number of erroneous detections when considering a pattern (potential
detection) of 𝜅 points, and it is simply computed from the tail of the binomial distribution (probability of a pattern
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of at least 𝜅 points) and the number, called 𝑁𝑡𝑒𝑠𝑡 , of considered patterns within the whole image:

𝑁𝐹𝐴0 (𝜅, 𝜈, 𝑝) = 𝑁𝑡𝑒𝑠𝑡

𝜈∑
𝑖=𝜅

(
𝜈

𝑖

)
𝑝𝑖 (1 − 𝑝)𝜈−𝑖 , (1)

where
(
𝑘
𝑗

)
denotes the binomial coefficient equal to 𝑘!

𝑗 !×(𝑘−𝑗)! with 𝑛! = 𝑛 × (𝑛 − 1) × . . . 2 × 1. In the previous
equation, based on uniform distribution modelM0, 𝑝 is estimated by the ratio between the area of considered
pattern with respect to the whole image area.

For wear monitoring, we had to adapt basic a-contrario approach in two ways: firstly, from 2D to 3D to introduce
the time dimensionality, and secondly, focusing on patterns which correspond to point clusters.

4.2 From input data to 3D point cloud
The raw data are a series of 𝑛 multi-temporal RGB images of varnished wooden samples and violins (see Section 5.1
for the dataset specifications); 𝐼0 being the reference image.

Since the images were not acquired simultaneously (by definition of the monitoring process), we first have to
account for possible illumination changes and match as accurately as possible each time frame with the original
image. Thus, the following pre-processing steps are performed:

(1) Illumination correction. Despite setting the same illumination hardware setup and configuration for each
image capture, the illumination variation from one acquisition session to another may be of the same order
of magnitude as the color variations due to wear appearance or increase. Then, for each frame 𝐼𝑡 , 𝑡 > 0, for
each color channel, we normalize the mean pixel values with the reference frame 𝐼0 value, i.e. subtract the
difference between means 𝛿𝑡 = E[𝐼𝑡 ] − E[𝐼0], where E[.] is the expectation operator approximated here by
the average over image pixels, and then apply a ReLU operator to remove negative values. Note that, in our
case, we keep this pre-processing as simple as possible, but, in less controlled environments, one may rather
use some local contrast improvement methods, such as those of Pizer et al.[42] and Hitam et al.[27]. . Since
our approach is modular, it will not change the following steps.

(2) Spatial registration. For this step, we rely on keypoint matching techniques. Since our captures have been
performed on a rigid object in a controlled environment, we can assume that the transformation for each image
pair may be approximated using small translation and scaling components. Then, focusing on SIFT [35]
features well-known for their invariance to illumination and MLESAC robust estimation [58], an affine
transformation between each time frame 𝐼𝑡 and 𝐼0 is estimated, 𝐼𝑡 is then projected in 𝐼0 geometry so that the
alignment is achieved at pixel level.

(3) Reflection removal. The UV reflection on the surface of the samples usually appears as purple/blue spots
in the image. Note this is a specific problem of UV photography on varnished surfaces. It is simpler to
compensate than the more well known reflections in visible light caused by glasses or lenses, that require
complex corrections [3, 63]. Here, a simple heuristic is enough for our purposes. Therefore, to remove the
most intrusive reflections in our RGB images, we filter out the pixels that have significantly higher blue
values than green (𝐵 ≫ 𝐺) or have higher red and blue than green (𝐵 > 𝐺 & 𝑅 > 𝐺). Note that, depending
on the application, these operations might or might not be necessary, and that the general aim is simply to
increase the correlation between change and the investigated process (in our case, the wear).

Since we aim to consider both spatial and time domains for detecting the wear, for a time series of 𝑛 color images
(in addition to the reference one) of spatial size 𝑤 × ℎ pixels, the input volume would be 𝑤 × ℎ × (𝑛 + 1) × 3. Then,
to reduce this data volume without harming the wear detection, we propose to extract the points likely to belong to
a wear region, i.e., points of interest.

For this step, we could either rely on wear color features (if learned for instance) or on change detection with
respect to reference image 𝐼0. However, both due to the lack of sufficient labeled data and in order to be robust
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to the variability of the material, varnish, and pigment present on the instruments, we focus on change detection
approaches (i.e., we assume that we are only interested by new wear with respect to 𝐼0). Then, considering each pair
of frames (𝐼𝑡 , 𝐼0), 𝑡 > 0, we first compute the color difference map, called Δ𝑡 , according to CIEDE2000 formula [36]
normalized in the [0, 1] range. Secondly, from each Δ𝑡 , 𝑡 > 0, we derive a binary image of the pixels of interest
(likely to belong to a wear area). In our case, the method used is the one described in [48] but alternatives, from
simple fixed thresholding to clustering or binary segmentation, could have been considered depending on the wear
contrast compared to no-wear areas. This results in a set of binary images denoted {𝐵𝑡 }𝑛𝑡=1.

Considering the whole series {𝐵𝑡 }𝑛𝑡=1, we create the 3D point cloud P with two spatial dimensions defined by
the image domain along with a third time dimension:

P = {(𝑥,𝑦, 𝑧), 𝑥 ∈ {1, 2, . . . ,𝑤}, 𝑦 ∈ {1, 2, . . . , ℎ}, 𝑧 such that 𝑧/𝑐𝑡 ∈ {1, 2, . . . , 𝑛}}, (2)

where 𝑐𝑡 is the time coefficient, a real valued constant that controls the importance of a distance in time compared
to a distance in the image space. If 𝑐𝑡 = 1, then we give the same importance to both. Then, the 3D volume of the
cuboid from which P was extracted is 𝑉P :

𝑉P = 𝑤 × ℎ × (𝑛𝑐𝑡 ). (3)

The derived 3D point cloud P along with 𝑉P are the input of the proposed clustering algorithm presented in the
next subsection.

4.3 Clustering algorithm
Algorithm 1 details the clustering method that we propose to detect and rank clusters of points from the more to
the less likely to correspond to a wear area. This algorithm represents a methodological contribution, here applied
to wear detection, but which could be adapted to the detection of any other “object” of interest characterized by
spatio-temporal consistency.

The proposed approach relies on the a-contrario detection that allows for evaluating the significance of any
point clusters based on the point distance [16]. In this work, since Equation (2) has already integrated the desired
balance between spatial and temporal aspect, we can simply consider the 3D Euclidean distance between the
points of P: for any pair of 3D points (𝑥𝑎, 𝑦𝑎, 𝑧𝑎), (𝑥𝑏, 𝑦𝑏, 𝑧𝑏) ∈ P, 𝐷𝑎,𝑏 =

√
(𝑥𝑎 − 𝑥𝑏)2 + (𝑦𝑎 − 𝑦𝑏)2 + (𝑧𝑎 − 𝑧𝑏)2.

In Algorithm 1, distances are computed in the first for loop.
Then, the clusters are defined based on the distance as follows: for a given distance 𝛿 , a cluster C is a subset of
P such that for any point in C there is another point in C at a distance lower than 𝛿 and there is no other point in
P \ C at a distance lower than 𝛿:{

∀𝑝 ∈ C, ∃𝑝 ′ ∈ C such that 𝐷 (𝑝, 𝑝 ′) ≤ 𝛿,

∀𝑝 ′′ ∈ P \ C, �𝑝 ′ ∈ C such that 𝐷 (𝑝 ′′, 𝑝 ′) ≤ 𝛿.
(4)

Note that with such a definition, not all subsets of P are clusters. From now on, a “well-defined” cluster follows
the previous definition. Now, in practice, the clusters are defined from the nodes of the minimum spanning tree
mentioned in line 4 of the Algorithm 1. This tree is created by a merging process: starting from each point as a
cluster, in each step we find the two closest clusters and connect them by a mutual node which stores the distance
between them (which is the intrinsic distance of the merged cluster). This way, after the tree is created each subtree
represents a cluster, and its root stores the value 𝛿 associated to cluster.

Then, the measure of significance of such a well-defined cluster involves the computation of two normalized
volumes (defined from 3D closed shapes in R3). The first one represents the volume associated to cluster C. Since
the points in C are connected up to distance 𝛿 , the dilation of every C point with a radius 𝛿/2 provides a 3D
connected component in R3, calledV(C). To ensure thatV(C) is a closed area, we finally perform a morphological

ACM J. Comput. Cult. Herit., Vol. 0, No. 0, Article 1. Publication date: 2021.



1:8 • Rezaei et al.

Algorithm 1 Detecting and ranking clusters ; inputs: 3D point cloud P and original 3D volume 𝑉P ; output: list of
detected clusters C and their associated meaningfulness.

1: for each pair of points 𝑗 and 𝑗 ′ in P do
2: Compute 3D distance 𝐷 ( 𝑗, 𝑗 ′)
3: end for
4: Compute the minimum spanning tree for the points in P based on 𝐷 ( 𝑗, 𝑗 ′) so that each subtree in hierarchical

representation stores in its root the intrinsic distance parameter 𝛿 of the cluster associated to the subtree
5: 𝑖 ← 1
6: for each subtree 𝑇 do
7: C𝑖 ← cluster of points in 𝑇
8: 𝛿 ← value stored in the root of 𝑇
9: 𝛿 ′← value in the parent node of 𝑇

10: V(C𝑖 ) ← dilation of C𝑖 with radius 𝛿/2
11: 𝜌 ← 𝛿 ′ − 𝛿
12: Compute volumes 𝑉C and 𝑉C according to Eq. (5)
13: 𝑆𝑖 ← 𝑆 (C𝑖 ) computed using Eq. (6) and logarithm function
14: 𝑖 ← 𝑖 + 1
15: end for
16: I ← list of indices of the clusters sorted according to decreasing values of S𝑖
17: C← ∅
18: for each index 𝑗 in J do
19: C𝑗 ← 𝑗𝑡ℎ cluster according to J
20: if ∀C𝑙 ∈ C, C𝑗 ∩ C𝑙 = ∅ then
21: C← C ∪ {C𝑗 }
22: end if
23: end for
24: return C along with S𝑖 values associated to C elements

closing of this latter. The closing radius 𝜌 is chosen as the maximum value which will not add any point toV(C),
i.e. the difference between 𝛿 and the distance 𝛿 ′ to the closest point not in C: 𝜌 = 𝛿 ′ − 𝛿 . Then, C volume is
approximated by the 3D volume ofV(C) after closing.

The second volume of interest is the one of the points not in C, i.e. the points in P \ C. It is evaluated as the
complementary with respect to the initial 3D cuboid, of the dilation ofV(C) with radius 𝜌, i.e. up to its closest
point in P \ C, so that the empty space around C does not belong to the volume of the points in P \ C. Then, the
two volumes of interest are computed according to:{

𝑉C = 1
𝑉P
× [volume ofV(C) after closing with radius 𝜌] ,

𝑉C = 1
𝑉P
× [volume ofV(C) after dilation with radius 𝜌] . (5)

Then, for any well-defined cluster C ⊆ P having |C| points among the total number of points |P |, we are able to
compute the Number of False Alarms (NFA) criterion as:

𝑁𝐹𝐴(C) ∝
|P |∑

𝑗= |C |

(
|P |
𝑗

)
𝑉

𝑗

C (1 −𝑉C)
|P |−𝑗 . (6)
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This formula comes from the assumption that, in absence of any structure, points are uniformly distributed [15], in
our case in the 3D space. Then, the significance of a cluster C is evaluated as:

𝑆 (C) = −𝑙𝑜𝑔(𝑁𝐹𝐴(C)), (7)

i.e., the higher this significance value, the more likely the cluster is not a false alarm, but a real wear area
characterized by points both spatially close and time-consistent. In Algorithm 1, the significance values of all
well-defined clusters are computed in the second for loop.

The last part of Algorithm 1 (including the last for loop) aims at only keeping the most significant clusters that
are not redundant, i.e., correspond to disjoint subsets of points. Indeed, our objective is to get a partition of P.
Therefore, from all the derived clusters C𝑖 , only the ones not intersecting another well-defined cluster having a
higher significance value are kept. This corresponds to keeping only the maximal clusters as defined in [14]. Then,
the list of these maximal clusters sorted by their significance value is the output of the algorithm.

Finally, let us recall that Algorithm 1 does nothing else than detecting 3D sub-volumes (of unknown shape and
unknown distribution) that are significantly denser than the whole 3D point cloud. Then, it is up to the user to
provide a point cloud where the objects of interest exhibit such higher density. In our case, wear areas correspond
indeed to areas that time-persistently exhibit many pixels having a significant color difference with respect to the
reference image, and thus will be detected as dense in both spatial and temporal dimensions.

4.4 Wear area ranking
After running Algorithm 1, we get a sorted list of spatio-temporal clusters with the most significant cluster in the
first rank, the second most significant disjoint cluster in the second rank, and so on. Significance is higher for more
compact or dense clusters of pixels which indicate individually a local change with respect to the reference frame.
Based on the assumptions that wear areas are linked to color change, and that compact or dense clusters emphasize
time-persistent changes, we argue that the derived significance values provide a relevant ranking of the likelihood
of the wear areas.

In the experiments presented in next section, from the ranked set C (output of Algorithm 1), we keep the three
most meaningful clusters along with their respective rank that can be used in the evaluation. We also underline that,
in contrast to clustering algorithms, providing such a ranking is a strength of the proposed method.

Finally, considering the temporal evolution of the clusters, we can further refine the results and identify more
reliably the wear region(s). For example, a small but constantly growing cluster is more likely to be a worn-out area
with respect to a large but stable cluster.

5 EXPERIMENTS
5.1 Dataset
For our experiments we used the “Violins UVIFL imagery” dataset1 [19], a collection of multi-temporal UVIFL
images, referring to both real instruments and artificially altered wood samples artificially altered in the laboratory
to simulate the effect of playing. Note that the samples were still made by violin makers, using common substances
employed for violin varnishing, as well as the correct type of wood, to have a realistic reference. We focused on the
artificially created sequences since those referring to real historical violins contain only three sessions each, too
few for performing a proper multi-temporal analysis. Each sequence consists in one to three images of the initial
state of the sample and then a series of subsequent frames where the surface was progressively damaged, and the
wear starts and grows. The used sequences are the following: WS01 (Figure 2, first line), a 20-frame sequence that
displays the appearing and the growing of an alteration in an area with intact varnish; WS02 (Figure 2, second
line), a short 9-frame sequence that shows the quick growing of an alteration on an intact area with a thin layer of

1https://vision.unipv.it/research/UVIFL-Dataset/
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varnish; SV01 (Figure 2, third line), a 20-frame sequence that shows the growing of an already worn-out region on
a sample violin back plate; and SV02 (Figure 2, fourth line), a 35-frame sequence (added to the dataset for this
work) showing a slowly growing alteration on the intact surface of a violin back plate with a thick layer of varnish.

Fig. 2. Sample frames at different times from three sequences of the “Violins UVIFL imagery” dataset (image
brightness and contrast are manually increased for a better readability) – in red the regions where the alterations will
appear: first line, sequence WS01; second line, WS02; third line SV01; fourth line, SV02.

It must be stressed that the artificial “scratching” of the surface was slow and gradual, thus, in all the sequences,
in the first frames no alteration occurs. This is particularly evident in the sequence SV02, where the varnish was so
thick that no meaningful variation appeared before frame 19-20.

5.2 Results
For each frame in each sequence, we generate a binary change image with respect to the reference frame of that
sequence by applying the method described in [47].

By accumulating the change detection results of all frames, we create a 3D point cloud for each sequence
(Figure 3). The coefficient 𝑐𝑡 is set to 2: This gives slightly more importance to spatial proximity over time
proximity, penalizes the clusters which disappear in some frames, and keeps the size of the representation domain
small enough for better performance. The time domain is the upward axis in all visualizations. From this figure, it
clearly appears that there is a considerable amount of noise present in all point clouds. In addition, there are artifacts
present on the left and right sides of all sequences, which are related to the UV reflections from the wooden sample.

The optical monitoring of a varnished wooden surface is an ongoing process meaning that the number of available
frames and the accuracy of the detection increases as time goes on. At some point in time, the number of available
frames becomes too large. To keep only the most relevant information, we thus maintain a sliding window of the
last 𝑛 frames. For each experiment on a specific sequence, 𝑛 remains constant (in the following experiments 𝑛 = 10).
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(a) WS01
(b) WS02

(c) SV01 (d) SV02

Fig. 3. Point clouds P derived from four different sequences, WS01 (a), WS02 (b), SV01 (c) and SV02 (d). These
sequences have various length in terms of number of frames and exhibit different kind of alterations and artifacts
(cf. Section 5.1). 𝑋 and 𝑌 axes are in pixels, while the time dimension (𝑍 axis) depends on the factor 𝑐𝑡 (in these
experiments 𝑐𝑡 = 2).

To simulate a practical optical monitoring process and to analyze different detection results at any given point in
time, we start the experiment with the first two frames for each sequence; then, we run the algorithm repeatedly
adding one more frame each time until we reach 𝑛 frames. From then on, we keep only the last 𝑛 frames; adding a
new frame and removing the oldest one in each step.

Each run outputs a list of clusters sorted according to their meaningfulness value. Since each run uses frames
situated later in time, the rank of each cluster within the whole set of clusters and its associated meaningfulness
value evolve depending on the nature of the cluster. In general, assuming that the wear region expands over time,
our expectation is that the wear cluster starts in lower ranks and steadily rises to the first rank. Similarly, we expect
that the significance of the wear region increases over time. On the opposite side, the meaningfulness value for the
noise and artifact clusters should remain nearly constant or change randomly. Another difference between the wear
region and the rest is that it should be present in every frame after its first appearance. For other non-wear areas, it
is possible that they divide into two or more clusters along the time axis. In that case, we only take into account the
one with the highest meaningfulness.

Figures 4, 5, 6 and 7 illustrate the detection results for each sequence through time, i.e., based on the current
last frame used as input. In each case, the top three clusters were shown. It is noticeable that, firstly, only clusters
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(a) 𝑡 ∈ [1, 5] (b) 𝑡 ∈ [1, 10] (c) 𝑡 ∈ [6, 15] (d) 𝑡 ∈ [11, 20]

Fig. 4. Evolution of the detection by using the later time frames 𝑡 in the sequence WS01. Color code gives the rank
according to significance: red first, green second, blue third. The time domain is the upward axis.

(a) 𝑡 ∈ [3, 6] (b) 𝑡 ∈ [4, 7] (c) 𝑡 ∈ [5, 8] (d) 𝑡 ∈ [6, 9]

Fig. 5. Evolution of the detection by using the later time frames 𝑡 in the sequence WS02. Same conventions as
Figure 4.

(a) 𝑡 ∈ [1, 5] (b) 𝑡 ∈ [1, 10] (c) 𝑡 ∈ [6, 15] (d) 𝑡 ∈ [11, 20]

Fig. 6. Evolution of the detection by using the later time frames 𝑡 in the sequence SV01. Same conventions as
Figure 4.

which are consistent were detected. Minor artifacts and small noises were ignored, a fact which is a very desirable
behavior when multi-temporal information is available. Secondly, the region of interest which is the wear area has
been chosen by the end of the sequence as the most significant cluster.

For a more in-depth analysis, we can follow the meaningfulness evolution in time of both the wear and the noise
artifacts for each sequence. Figure 8 shows the cluster meaningfulness (or significance, Equation (7)) versus the
number of the last time frame. Specifically, for a sequence of 𝑛𝑚𝑎𝑥 images, a time window set equal to 𝑡𝑤 , and x-axis
value equal to 𝑛𝑓 ∈ {2, 𝑛𝑚𝑎𝑥 }, Algorithm 1 is run with the subset of images indexed between max(1, 𝑛𝑓 + 1 − 𝑡𝑤)
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(a) 𝑡 ∈ [5, 14] (b) 𝑡 ∈ [17, 26] (c) 𝑡 ∈ [21, 30] (d) 𝑡 ∈ [26, 35]

Fig. 7. Evolution of the detection by using the later time frames 𝑡 in the sequence SV02. Same conventions as
Figure 4.

and 𝑛𝑓 as input; then, y-axis shows the highest meaningfulness values of the clusters at the output of the algorithm.
Note also that the ad-hoc parameter 𝑡𝑤 may be specific to each sequence, since it depends on the image acquisition
frequency with respect to the instrument use and it is a compromise between temporal redundancy (to filter
artifacts), sensitivity to early wear and the algorithm memory load. In this study, it was set equal to 10 for the
longest sequences (WS01, SV01 and SV02) and to 4 for the shortest one (WS02).

Observing Figure 8a, we can infer that in sequence WS01 the meaningfulness of the most significant noise cluster
(the orange line) remains very low and does not change throughout the experiment. This is expected because the
noise regions are fairly small and do not grow over time. The cluster indicating the wear region (the blue line) starts
from frame seven when the wear appears and consistently increases over time. This is in line with our expectation
about an “ideal” wear that keeps growing. In practice, the wear may not expand over multiple acquisitions which
will show itself as a plateau. However, it will never shrink or disappear so the values should remain increasing
overall.

This trend can also be seen in Figure 8b for the sequence WS02, the shortest one. In this case, we used a smaller
window of only 4 frames. The meaningfulness of the noise clusters remain more or less constant while the wear
increases in significance after it appears.

In the same manner, we can interpret Figure 8c for sequence SV01. The wear cluster (the blue line) appears
from the beginning and always has the highest meaningfulness. This latter increases in each step as the wear areas
grow through time. This fast growth is coherent with the characteristics of the sequence, that shows the worsening
of an already present worn-out region. The two distinct artifact clusters (the gray and orange lines) present in the
sequence have meaningfulness values which change randomly from one step to another and sometimes disappear
altogether. This is again in line with our expectation of a typical artifact region.

Finally, Figure 8d shows the results for sequence SV02, the most complex one. In the first 10 frames, we have
two artifact clusters that appear to have increasing meaningfulness. This can lead to a false positive detection until
we have enough frames to see their actual behavior. Artifact 2 (the gray line) is proven to be an artifact after frame
6. The same applies to artifact 1 (the orange line), after frame 12. On the other hand, the wear cluster (the blue
line) has a meaningfulness value which continues to increase from its appearance around frame 20 until the end.
More importantly, by the time the wear appears, we already dismissed the other two clusters as artifacts; therefore,
automatically, it becomes the sole candidate wear region.

Comparing Figures 8b and 8d, we can see the behavior of the two extreme cases, the very thin and very thick
varnish, respectively. It is interesting to notice, that, even if in the second case the wear takes clearly more time to
occur, the behavior after the alteration appearance is similar in both cases, with a quick growing of the wear region.
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Fig. 8. Evolution of the meaningfulness value of sample clusters – output of Algorithm 1 in different runs of the
algorithm, versus the considered “final” frame number, considering sequence WS01 (a), WS02 (b), SV01 (c) and
SV02 (d). These sequences have various length in terms of number of frames and exhibit different kind of alterations
and artifacts (cf. Section 5.1) For sequence WS02, in each run of Algorithm 1, at most the last 4 frames were used.
For the rest, the last 10 frames were used.

Overall, the study of the evolution of meaningfulness values helps us to quickly identify the wear region as
the correct area of interest even if it is smaller than the artifacts present on the surface, in full agreement with
the preventive conservation principles. Compared to previous works leveraging single change maps [47, 48], the
current analysis based on the temporal dynamics of the changes is able to pinpoint more reliably the emergence of
a wear, also reducing the false positive detection. Figure 9 illustrates the improvements made by the multi-temporal
analysis with respect to the single change map detection. Comparing the results achievable by using the method
described in [48] (second row), that considers only two frames at time, with the outcomes of our current proposal
(third row), we can notice how the multi-temporal analysis clearly improves the change detection by removing all
the artifacts which do not grow over time and/or are not consistently present in every frame.
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WS01 WS02 SV01 SV02

Fig. 9. Comparison, on sample frames of each sequence, between a wear detection performed considering only two
frames at a time and the proposed multi-temporal approach: first row, original UVIFL image; second row, detected
clusters as in [48]; third row, detected clusters applying the multi-temporal analysis; fourth row, ground truth showing
the actual worn-out regions.

5.3 Comparison with other clustering approaches
Finally, we made a quantitative comparison between our proposed multi-temporal 3D clustering algorithm and
several other clustering methods, namely: Agglomerative hierarchical clustering with complete linkage [40],
Kmeans++ [2], robust spectral clustering [65], Expectation Maximization for Gaussian Mixture models (EM
GM) [39], GBKmeans [44] and clustering by local gravitation [61]. We made sure to select algorithms from
different families of clustering methods, considering both well-established approaches and some newly proposed
ones. We apply these methods on the point cloud P (Eq. 2) generated from the input binary images. If the algorithm
requires the total number of clusters, we set it to 4. Each method would cluster the point cloud P into several
clusters; since none of them have a built-in feature for ranking the output clusters, to perform a fair comparison
among the algorithms, we evaluated every cluster they produce with our metric and selected the best performing
one. As metric for the comparison, we chose the F-score that is a one of the most popular metrics [25] to evaluate
the result of a binary classification of a detection output with respect to a ground truth. Some examples of binary
maps corresponding to detection and binary ground truth are given in Figure 9. F-score is computed from the
numbers of True Positives (TP), False Positives (FP) and False Negatives (FN). Specifically, F-score is the harmonic
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mean of precision and recall defined as:

F-score = 2 · 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 · 𝑅𝑒𝑐𝑎𝑙𝑙
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙 , (8)

with 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃 and 𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁 .

Table 1. The average ± standard deviation of F-score for the 3D clustering of each sequence using the proposed
algorithm as well as six other clustering methods. First and second-best results are highlighted in green and light
green respectively. The last column shows the run time values for each algorithm using a test point cloud with 2000
points (the test was done using a PC with a 3.1GHz CPU and 16GB of RAM).

Algorithm WS01 WS02 SV01 SV02 Runtime

Agglomerative [40] 0.657 ± 0.088 0.624 ± 0.109 0.707 ± 0.128 0.820±0.124 0.06𝑠

Kmeans++ [2] 0.694 ± 0.128 0.572 ± 0.110 0.709 ± 0.129 0.727 ± 0.273 0.04𝑠

Robust Spectral [65] 0.699 ± 0.108 0.735 ± 0.063 0.716 ± 0.076 0.564 ± 0.270 207.30𝑠

EM GM [39] 0.756 ± 0.126 0.700 ± 0.061 0.810±0.083 0.630 ± 0.263 0.70𝑠

GBKmeans [44] 0.630 ± 0.116 0.556 ± 0.125 0.585 ± 0.144 0.646 ± 0.193 2.09𝑠

Local gravitation [61] 0.773±0.119 0.743±0.048 0.796 ± 0.081 0.703 ± 0.137 2.44𝑠

NFA (Ours) 0.784±0.119 0.809±0.061 0.812±0.113 0.858±0.130 84.46𝑠

For each sequence, after computing the F-score for every frame containing any wear, we calculated the average
and the standard deviation. The results are summarized in Table 1. As we can see, our proposal performs better than
all the other state-of-the-art solutions in all four sequences, by having the highest average F-score while maintaining
a low standard deviation. It should also be noticed that the second-best algorithm is different for each sequence,
meaning that there is no alternative method with consistent performance in all the considered conditions. Although
this comparison is performed at pixel level, at object level the benefit of our approach will be even more visible.
Indeed F-score aims to measure the method’s ability to detect all the wear pixels, but it does not directly reflect the
algorithm’s capability to early detect worn-out regions. In fact, although it is important to be able to identify as
many wear pixels as possible, in a monitoring process we can afford to lose or mislabel some boundary pixels if we
properly spot the correct position of the wear clusters and avoid the noise. Thus, at pixel level we prefer a high
Precision (to guarantee noise avoidance), while at cluster level a high Recall (to not miss any wear cluster). This is
highlighted in Figures 8 and 9, where we can see that in all four sequences the proposed algorithm was able to
properly identify the wear position and distinguish it from any noise cluster(s), in a few frames from its appearance.

Table 1 also shows the running times of each algorithm when applied to a test point cloud containing 2000 points.
Such a number of points represents a typical case for a multi-temporal image sequence. However, point clouds with
initially higher number of points can be simplified either by resizing the input sequence or by down-sampling the
point cloud itself, depending on available computational resources. The test was done using a PC with a 3.1GHz
CPU and 16GB of RAM. All algorithms were implemented in MATLAB R2020a. As we can see, the running
times can be divided to four categories: very high values (Robust Spectral [65]), high values (NFA), low values
(GBKmeans [44], Local gravitation [61]) and very low values (Agglomerative [40], Kmeans++ [2], EM GM [39]).
Then, the running time of the proposed algorithm is among the highest. However, it remains in order of few
minutes which, for the considered application, seems completely reasonable. We do not need a real-time response,
accuracy in the detection is more important than speed. In addition, the main loop of the algorithm (lines 6 to 15 in
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Algorithm 1), which is the most time consuming section, can be run in parallel. This is currently done on the CPU;
therefore, a GPU implementation would drastically shorten the run time.

6 CONCLUSIONS
In this paper, we introduced a probabilistic method for detecting new alterations on varnished surfaces starting
from a noisy multi-temporal series of images. The proposed method can be used in preventive conservation, to
perform continuous monitoring of relics susceptible to wear (e.g., historical musical instruments still played today).
The goal is to help experts and restorers in their work, with early and quick identification of possible altered areas,
on which they can perform further in-depth examinations, such as spectroscopic and chemical analysis.

Different from other statistical learning-based and deep learning methods, our algorithm, rooted in the Gestalt
theory, does not need precise annotations, and can properly work even with little data. These are both important
properties in the Cultural Heritage fields, where limited availability of data and a lack of proper annotations are
common.

Tests conducted on the “Violins UVIFL imagery” dataset showed good performance compared to the other
state-of-the-art algorithms. It should also be stressed that, even if we focused on the case of historical violins, our
method can be adapted to work on other kinds of relics with few modifications, mainly in the preliminary process
of the input images.

Future works will involve the start of long monitoring (more than one or two years) of selected historical musical
instruments, as soon as the concert season will restart at the same frequency as during the pre-pandemic period.
Long monitoring will allow us to further refine our approach to deal with even more challenging conditions, such
as additional noise due to occasional cleaning of the instruments (that can “mask” the presence of wear) or a higher
probability of acquisition mistakes (e.g., due to different people performing the photos at different times).
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