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Abstract The application of the thermal and infrared technology in different areas of

research is considerably increasing. These applications involve Non-destructive Test-

ing (NDT), Medical analysis (Computer Aid Diagnosis/Detection-CAD), and Arts

and Archeology among many others. In the arts and archaeology field, infrared tech-

nology provides significant contributions in term of finding defects of possible im-

paired regions. This has been done through a wide range of different thermographic

experiments and infrared methods. The proposed approach here focuses on appli-

cation of some known factor analysis methods such as standard Non-Negative Ma-

trix Factorization (NMF) optimized by gradient-descent-based multiplicative rules

B. Yousefi, C. I. Castanedo, X. P. V. Maldague

Computer Vision and System Laboratory (CVSL)

Department of Electrical and Computer Engineering,

Laval University,

Quebec City (Quebec) G1V 0A6, Canada

E-mail: Bardia.Yousefi@ieee.org, clemente.ibarra-castanedo@gel.ulaval.ca,

Xavier.Maldague@gel.ulaval.ca

S. Sfarra

University of L’Aquila,

Department of Industrial and Information Engineering and Economics (DIIIE),

Piazzale E. Pontieri no. 1, I-67100, Monteluco di Roio, Roio Poggio - L’Aquila (AQ), Italy

and

Tomsk Polytechnic University, Lenin Av., 30, Tomsk 634050, Russia

E-mail: stefano.sfarra@univaq.it

N. P. Avdelidis

Computer Vision and System Laboratory (CVSL)

Department of Electrical and Computer Engineering,

Laval University,

Quebec City (Quebec) G1V 0A6, Canada

and

Aerospace Integration Research Centre (AIRC)

College Road, Cranfield, MK43 0AL

United Kingdom

E-mail: nico.avdel@gmail.com



2 Bardia Yousefi et al.

(SNMF1) and standard NMF optimized by Non-negative least squares (NNLS) active-

set algorithm (SNMF2) and eigen-decomposition approaches such as Principal Com-

ponent Analysis (PCA) in Thermography, Candid Covariance-Free Incremental Prin-

cipal Component Analysis (CCIPCA) in Thermography to obtain the thermal fea-

tures. On one hand, these methods are usually applied as preprocessing before cluster-

ing for the purpose of segmentation of possible defects. On the other hand, a wavelet

based data fusion combines the data of each method with PCA to increase the ac-

curacy of the algorithm. The quantitative assessment of these approaches indicates

considerable segmentation along with the reasonable computational complexity. It

shows the promising performance and demonstrated a confirmation for the outlined

properties. In particular, a polychromatic wooden statue, a fresco, a painting on can-

vas, and a building were analyzed using the above mentioned methods and provide

up to 71.98%, 57.10%, 49.27%, and 68.53% accuracy of defect (or targeted) region

segmentation, respectively.

Keywords Thermal image segmentation · Negative Matrix Factorization Analysis ·
Gradient-descent-based multiplicative rules · Non-negative least squares (NNLS)

active-set algorithm · wavelet data fusion · Clustering.

1 Introduction

Looking into the scientific databases with thermography and cultural heritage as key-

words, it is possible to note an increment in the recent years publications (for example

[15,11,20]). Subsequently, a decrement can be observed. However, the need to pass

from a qualitative inspection to a quantitative evaluation grows year by year taking

into account the natural disasters which afflict the conservation and safeguarding of

cultural heritage. Very recently Davin et al. [4] considered the cooling-down ther-

mography to reveal paintings covered by a limewash layer. The transient infrared

image sequence allowed to reconstitute the subsurface pattern by processing the ther-

mal contrast. Yao et al. introduced for the first time the use of the multi-dimensional

ensemble empirical mode decomposition technique for the thermographic diagno-

sis of mosaics [24]. The results obtained after the inspection via a very long pulse

were encouraging, above all when compared with the results coming from recent and

non-recent algorithms. The infrared thermography (IRT) method was also used in

Volterra (Central Italy), that is a town of great historical interest due to its vast and

well-preserved cultural heritage. IRT was applied with the aim of detecting possible

criticalities on the wall-enclosure, with special regards to moisture and seepage ar-

eas. Four thermal anomalies were highlighted [12]. Becherini et al. investigated the

causes of the different damage features observed in the stucco statues located into

the Longobard Temple in Cividale del Friuli, Udine (Italy). In particular, the surface

temperature of the statues was investigated by means of IRT [2]. Contextually, Tang

and Dai [21] applied an integrated approach using 3D laser scanning, high-definition

digital photography, environmental monitoring, thermal infrared imaging, microwave

scanning and penetration resistance tests to study the deterioration of wall paintings

conserved in the Chapel of Our Lady of Guia which is a heritage site in the historic
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centre of Macau. A robotic system called aIRview was utilized to automatically ac-

quire and process thermal images in a medieval chapel located in N-W of Italy with

the aim to evaluate the decay of fresco mural paintings [3]. Signal processing algo-

rithms based on Fast Fourier Transform (FFT) analysis were applied to the acquired

data in order to understand the deterioration mechanisms.

In the present paper, the problems caused by the earthquake of 2009, which par-

tially destroyed the city of L’Aquila (Italy) and its surroundings is investigated in

three works of art and buildings. The first one is a fresco which was preserved in the

Church of Saint Peter Apostle Onna (L’Aquila, Italy) [16,28], the second one is a

polychromatic wooden statue representing a Madonna with his Child coming from a

village in the province of L’Aquila [17], while the third one is a painting on canvas

representing St. Bernardino, i.e., one of the patron of L’Aquila city (Italy). In these

cases, the thermographic campaigns were conducted in the Museo di Paludi di Celano

(L’Aquila, Italy) where the objects were transported after the quake for a first aid. The

thermographic inspections were focused on the detection of sub-superficial cracks,

inclusions of heterogeneous materials, splitting areas, and the retrieving of ancient

restorations. During the inspections, a restorer indicated the main region of interest

(ROI) to be recorded on the basis of personal experience. The radiation source con-

sisted of lamps (no flashes) which provided long thermal stimuli, while in each exper-

imental campaign a ThermaCAM S65 HS by FLIR collected the IRT data. The latter

were subsequently analyzed in Matlab environment. In a second thermographic cam-

paign, a building restored after the earthquake of 2009 [6,22] was inspected which

involves thermal stimulus coming from the Sun [14] as heating sources.

There are well-known approaches such as Principal Component Thermography (PCA

in thermography also called PCT) [13],[35],[34],[36] among many others brunches

of PCA with additional penalty terms [5],[30],[32],[29],[31], which have been previ-

ously used in the scientific literature for the inspection of artistic objects and build-

ings. Non-Negative Matrix factorization (NMF) [7] is an approach having a similar

decomposition, but non-negative values, if compared to PCA [13]. Two NMF ap-

proaches called standard Non-Negative Matrix Factorization (NMF) optimized by

gradient-descent-based multiplicative rules (SNMF1) and standard NMF optimized

by Non-negative least squares (NNLS) active-set algorithm (SNMF2) are used herein

as preprocessing stage [33]. These methods showed considerable performance in

terms of magnifying the impaired regions in targets heated by artificial or natural

heat sources. This magnification presented a considerable role as a preprocessing

step before segmentation. In the same time, they increase the ability of the segmenta-

tion on these regions. For segmentation, an unsupervised approach HSV based PCA

kernelled clustering was used along with the analysis of computational complexity

for each approach [25]. NMF techniques make easier the segmentation process and

their results indicate promising performance and demonstrated a confirmation for

the outlined properties. These methods provided substantial benefits also in terms

of reduction of the computational cost, as well as in the obtaining of clear quanti-

tative results concerning the defects detected. In addition, the emissivity variation

effect which is naturally present on polychromatic objects will be greatly reduced.

The problem of the emissivity variation [1],[33] is linked to: a) the pigments applied

by the art masters on the upper layers, and b) the thermal stimuli induced by lamps
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which is useful to generate a 3D thermal transient. Statistical approaches are generi-

cally applied on raw thermograms, the aforementioned adverse effect is significantly

reduced and seems ineffectual for segmentation. In the next section, the materials and

methodology of the approach will be briefly described with different thermal image

decomposition analysis that are used along with the segmentation process. The ex-

perimental and computational results, as well as the discussion are then presented in

Sections 4, 5, respectively. The conclusions Section is finally illustrated in Section 6.

2 Main information concerning the inspected objects

2.1 Wooden statue

Taking into account the defects’ shape (i.e., round defects), as well as the restoration

phase recently performed on the statue (which removed the defects themselves), it is

possible to say that they correspond to inclusions of foreign materials. One of these

defects, visible near to the left ear of the Child and indicated in Figure 1.a may be

linked to the remodeling of the Child’s face over time. The dimensions of the defects

on the plane were approximately identical. The Figure provides an idea about the de-

fect dimension which can be roughly assimilate to a coin of 1 euro. The two defects

(the second one not detectable to the naked eye, but magnificently visible after the

application of the advanced image processing techniques) were present beneath the

plaster layers. In fact, plaster undergone different final treatments in order to guaran-

tee the best conditions to the paint layer. Nevertheless, the craquelure effect appeared

over time on the face of the Child, although only the inserts were analyzed/segmented.

2.2 Fresco

The fresco painting used in this case is a method of painting water-based pigments

on freshly applied plaster on wall surfaces. The colours were made by grinding dry-

powder pigments in water, dry and set with the plaster became a permanent part of

the wall. The correctly prepared intonaco holded its moisture for many hours. When

the painter diluted his colours with water and applied them with bruchstrokes to the

plaster, the colours were imbibed into the surface, and as the wall dried and set, the

pigment particles became bound or cemented along with the lime and sand particles.

This gave to the colours great permanence and resistance to aging, since they are

an integral part of the wall surface, rather than a superimposed layer of paint on it.

The fresco has undergone a rotation process; it was recovered by the firefighters with

the painted surface faced the floor (Figure 1.b). Because of this, cracks appeared on

the surface also afflicting the inner layers. The restoration phase of the fresco started

into the Museo delle Paludi di Celano (L’Aquila Italy) where the restorers applied

protective films in order to stop the propagation of the cracks. Interestingly, the cracks

can be visualized by applying the infrared thermography method above the protective

films. In particular, three cracks started from the The circle is missing in the Figure.

Please check and/or modify Figure 1.b.
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Saint Bernardino painting Photograph of the rear side 

of the oil painting 

Transmittogram by putting the 

camera in front of the canvas 

Retrofitted bands in external wall 

Near-Infrared Reflectography image 

The fresco during the recovery and the initial restoration phase 

Fig. 1 The specimens used for infrared inspection are shown. (a) shows the wooden statue with the location

of one defect. (b) presents a part of the inspected fresco along with recovery of the fresco by the firefighters.

(c) Retrofitted bands in external wall. (d) Saint Bernardino painting, photograph of the front and rear side

of the oil painting, A transmittogram is also shown by putting the camera in front of the canvas and the

illuminating source in front of the varnish layer.

2.3 The facade of the Faculty of Engineering of L’Aquila

The new building of the Faculty of Engineering of L’Aquila University was partially

destroyed during the 2009 earthquake. The reconstruction of the building was accom-

plished in 2013, although the latest final additions were performed in 2016. During

this process, several internal and external walls were retrofitted using a flax fiber re-
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inforced polymer (FFRP) (FIDFLAX UNIDIR 430 HS43) that was applied in recur-

sive lines (vertical and horizontal). They are also called retrofitted bands in the wall

(Figure1.c). In the region of interest (ROI) analyzed, three horizontal and one vertical

lines were recorded. The fibers were glued to the support by using a thermoplastic

matrix (i.e., an epoxy resin). In the other parts of the facade, parallelepiped bricks

resembling tufaceous material were used. The idea was to detect the four recursive

lines present into the ROI analyzed.

2.4 St. Bernardino painting

The oil painting on canvas (1500 × 1100 mm) was painted by Giulio Cesare Bedes-

chini from 1610 to 1613. In this painting, San Bernardino appears holding the City

of L’Aquila in his left hand. The Basilica of San Bernardino can be seen in the condi-

tion in which it was at the beginning of 17th century. The oil painting is a multilayer

structure composed by (from bottom to top), a canvas in linen, a glue size layer, a

ground layer, oil paint layers of different thicknesses, and a varnish. A large crack

can be identified, going from the right shoulder of the character towards the bust.

The crack can even be detected through the wood frame on the right side. On the left

side, going to the top of San Bernardino’s right hand, there is a slight indication of

a possible continuation of the crack (Figure 1.d). Detachments in the wooden frame

were identified as well. The crack is not visible from the rear side (Figure 1.d), but the

transmittogram in the same figure (left image at Figure 1.d) detected it with a good

contrast. A complementary metal-oxide semiconductor camera was used during the

near-infrared acquisitions. This is a clue that the linen canvas can be double possibly

chosen at that time by artmasters.

3 Methodology

The methodology is summarized by presenting an algorithm for defect segmentation

in Non-destructive Testing (NDT) that involves several thermal image decomposition

analysis, data fusion, and clustering. Here, a brief summary of the image decomposi-

tion algorithms is presented as dimension reduction approaches (Figure 2 and Algo-

rithm 1), which considers a preprocessing step before segmentation through K-means

clustering.

3.1 A brief review on Eigen decomposition thermography

PCA in thermography [13] is considered as one of the very efficient decomposition

methods in finding defects, as well as reducing thermographic data. Singular Value

Decomposition (SVD) as a statistical method is used to improve the performance of

PCA. In general, matrix X is n× p and can be decomposed as follows:

X =UΓV T (1)
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Infrared Data HSV-based K-

means clustering

Wavelet data 
fusion

RGB-False Color (FC)
Decomposition 

method

PCA

CCIPCA

SNMF

SNMF2

NMF
Final results 

First basisFirst basis
First basis

R
G

B

Rank-one PCA

Fig. 2 The scheme of our proposed algorithm is presented.

Let p > n and considering Γ to be a diagonal matrix n× n having zero or positive

elements showing the singular values of matrix X , where U is p × n matrix, and

V T is the transpose of n× n matrix. The data is arranged based on the time varia-

tions column-wise along with the spatial changes which occur row-wise and can be

presented in the columns of matrix U [13] (each frame is vectorized and concate-

nates to other). Candid Covariance-Free Incremental Principal Component Analy-

sis (CCIPCA) in Thermography (CCIPCT) [27],[26] is an algorithm that iteratively

computes the eigenvalues and eigenvectors. This provides lower computational com-

plexity as compare to PCA for high dimensional data also gives low-rank outcome

and possibility to calculation the process in the online paradigm.

3.2 Non-negative matrix factorization

The non-negative matrix factorization (NMF) in the standard form involves decom-

posing a non-negative matrix X ∈ Rm×n to two non-negative factors Y ∈ Rk×n and

A ∈ Rm×k (for k < min(m,n)), that is

X+ = A+Y++E, (2)

min
1

2
‖ X −AY ‖2

F sub ject to,A,Y ≥ 0 (3)

This formula was derived from log-likelihood function under a Gaussian error as-

sumption. The matrix A is called the basis matrix from the thermographic image, Y is

the coefficient matrix, and the Xs columns are the multivariate data points. The data

point is a linear combination of the basis vectors that are (sparse) non-negative and

non-convex optimization problem. One of the solution for such a problem is block-

coordinate descent [7]. The optimization uses non-negative least squares (NNLS)

considering A and Y . Here, the input thermography data is the basis calculated by

NMF optimised by two different GD and NNLS methods [18].
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Algorithm I 

Given Input data I(x,y,z) ∈ 𝑹𝑵×𝑴×𝒁 which I(x,y) ∈ 𝑹𝑵×𝑴 is 

spatial dimension for infrared image selected and its unit 

is pixels, z represents the frequency of acquisition.  

Step 1 Calculation of factor analysis  𝐌𝒌 (𝒙, 𝒚) = 𝑭𝑨𝒋 (𝑰(𝒙, 𝒚, 𝒛))  
 𝒌 is number of the eigen-images taken selected for the 

analysis. 𝑭𝑨 presents the technique uses for decomposing 

the input data and j shows the types of techniques(e.g. j=1 

corresponds to PCA). 𝑴𝒌(𝒙, 𝒚) shows the k eigen-image 

of input data, 𝒌 < 𝒛. 

Step 2 Manually selecting 𝑴𝑖(𝒙, 𝒚), ith eigen-image �̀�𝑖(𝒙, 𝒚, 𝟑)  𝐹𝐶→  𝑴𝑖(𝒙, 𝒚) 
Where �̀�𝑖(𝒙, 𝒚, 𝟑) shows the false color (FC) RGB matrix 

of 𝑴𝑖(𝒙, 𝒚). 
Step 3 Clustering calculation for segmentation purpose. �̀�𝐢(𝒙, 𝒚, 𝟑) 𝑯𝑺𝑽→   𝑿(𝒂𝒊)𝒊=𝟏,𝟐,𝟑 𝑨(𝒙, 𝒚, 𝑲) = 𝒎𝒊𝒏𝑪,𝒂𝒋 ∑ ∑ ‖𝑿(𝒂𝒊) − 𝒎𝒄‖𝟐𝟑𝒋=𝟏𝑲𝒄=𝟏  𝑋(𝑎𝑖) is shown the HSV color system matrix of �̀��́�(𝒙, 𝒚, 𝟑) . Let 𝒎𝒄 be the average value of data. 𝐊 is 

shown the initial number of the clusters. Where the 𝑨(𝒙, 𝒚, 𝑲) represents the segmented region. 

Step 4 Calculating the second part of analysis using PCA: 𝚽𝜸(𝒙, 𝒚) = 𝑭𝑨𝟏 (𝑰(𝒙, 𝒚, 𝒛))  𝚽𝛄(𝐱, 𝐲) shows the 𝜸𝒕𝒉 manually selected eigen-image. 

Applying thresholding (𝛿), 𝜱𝜸𝛿(𝒙, 𝒚). 𝛿 obtained from 𝑰(𝒙, 𝒚, 𝒛′) (𝒛′ ∈  𝑹𝒁′  , 𝒛 ∈  𝑹𝒁, 𝒁′∆ 𝒁). 
Output Calculating Wavelet data fusion  𝑪(𝒙, 𝒚) =  𝝎−𝟏 [𝝓(𝝎[𝑨(𝒙, 𝒚, �̇�)], 𝝎[𝜱𝜸𝛿(𝒙, 𝒚)])]  

Where 𝑨(𝒙, 𝒚, �̇�) is the best representative of defect 

through different �̇� ≤  𝑲. 
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3.3 The 2-D wavelet transform implementation for multiresolution decomposition

images

Applying the aforementioned techniques as preprocessing techniques requires further

process due to complementary properties of the applied methods that help to add and

eliminate the good and bad performance, respectively. For that, data fusion is a so-

lution and leads to the pyramid-structured wavelet decomposition [10] and following

[19], the multiresolution wavelet decomposition(1D) extended to 2D by separately

introducing of every dimension (in 2D) to wavelet functions and scaling as the ten-

sor products of 1D. The 2D wavelet analysis operation consists of sets of filtering

and down sampling in horizontal and vertical directions. Wavelet data fusion con-

siders one of data transformation similar to wavelet transform itself [8], [14]. The

methodology for data fusion applying wavelet includes transforming data to wavelet

domain, fuse them and transform the results back to the spatial domain. Here, one

side of this fusion is always the manually best representative score of PCA and other

side changes in different methods. The reconstructed data fusion used in the proposed

approach is shown by:

C(ε) = ω−1[φ(ω[A(ε)],ω[V i
PCA(ε)])] (4)

Where the wavelet transformation is presented ω and let (ε) is eigen image ob-

tained by one of the input data decomposition approaches (eigen-images applying one

of the approaches) and V i
PCA(ε) is a manually selected eigen-image obtained by PCA.

It is noticeable that this eigen-image needs to be manually selected and being used in

the system. This data fusion takes place through φ fusion rules. C(ε) represents the

fused data through the inverse wavelet transform represented by ω−1.

3.4 K-means clustering

There are countless research works that involve K-means algorithm for data cluster-

ing, e.g. [9]. Here, a brief review of the K-means is presented.

Suppose S = X1, . . . ,Xn ⊆ Rp is our observation set and dissimilarities are ‖Xi −X j‖
2
2

for Xi ∈ Rp and K is the number of clusters. Clustering of the data X is nothing more

than a function C assigning every observation Xi to a set of k ∈ 1, . . . ,K. The mini-

mization of the following formula is required:

Jk =
K

∑
k=1

∑
C(i)=k

‖Xi − X̄k‖
2
2 (5)

Let X = 1/n∑
n
i=1 Xi and C(i) = k means that Xi is assigned to group k.

4 Experimental Results

The experimental setup of the polychromatic statue, the fresco, the building restored

and the painting on canvas, are shown in Figures 3 a-d, respectively. The authors also
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Saint Bernardino painting 2kW lamp used in experiment Scheme of the experimental setup

Radiation Source

Display and 

Acquisition

Control

Scheme of the experimental setup

Radiation Source

Display and 

Acquisition

Control

Infrared

Camera 

← ⋯ →
Sun

Fig. 3 Experimental setups and conditions of acquisition for each thermographic test. a) Child polychro-

matic wooden statue; b) fresco; c) AQ Faculty of Engineering; d) Saint Bernardino painting.

compared the computational results for different factor analysis and eigen decompo-

sition techniques in the algorithm to analyze the performance of them by segmenting

the defects.

4.1 Experimental set up

Concerning the statue, the test conducted to gather the infrared images in the labora-

tory environment and the experimental set up are shown in Figure 3.a. The successful

thermography test partially depends on the camera operation spectrum and the source
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of infrared. The infrared camera used was a long wave infrared camera (LWIR, 7.5 -

13 µm) having the spatial resolution of 240× 320 pixels. There were two radiation

sources, i.e., two 250 W SICCATHERM E27 lamps that gave a wide radiation spec-

trum for thermography testing. As the overheating is always a concern in the cultural

heritage field, the temperature of the target was monitored during the test using a laser

pyrometer. The ambient temperature was approximately 292K (19◦C) at the starting

of the thermographic inspection. During the test, the infrared thermography acquisi-

tion process was also controlled using the spot function, while the lamps were located

far from the specimens (24cm) to provide an adequate heating up phase. The distance

between the lamps was 40cm, while the thermal camera was placed 40cm from the

left cheek of the Child wooden statue. The relative humidity (RH) was 47.5% and the

emissivity value was established at 0.90. The six hundred thermograms were recorded

during 180 seconds of heating and seven minutes of cooling (420 thermograms).

In the experiment of the real fresco, the heating up phase lasted 360 seconds. The

camera was located at 295cm from the sample surface, while 1 lamp (2kW) was put

at the distance of 235cm. The ambient temperature recorded was 16.2 ◦C, while the

RH was equal to 40.1%. Taking into account the high roughness of the surface, the

emissivity value was set at 0.90, although the techniques explained in section 2 tend

to minimize the emissivity variation due to the pigments. The cooling down phase

lasted 780 seconds, and 1 thermogram per second was recorded during the entire in-

spection procedure. The experimental setup is shown in Figure 3.b.

In contrast to other experiments, the experiment inherent to the Faculty of Engineer-

ing of L’Aquila city was performed in passive thermographical conditions. During

the image acquisition, the infrared camera was located very far with respect to the

targeted wall which is shown in Figure 3.c.

In the case of St. Bernardino, the painting was heated with a 2 kW lamp installed in

front of the paint surface at 230 cm. Instead, the distance between the camera and

the sample (working in reflection mode) was 280 cm. The ambient temperature was

16.2 ◦C, the relative humidity of 40.2 % and emissivity value established in 0.80. The

thermograms recorded were 600 in total; in particular, 180 seconds of heating and

420 seconds of cooling were a prior selected (Figure 3.d).

Both the computation and the algorithm were run in a PC (Intel (R) Core(TM) i7

CPU, 930, 2.2.80GHz, RAM 12.00GB, 64 bit Operating System) and the processing

was conducted using MATLAB computer program. The results of eigen-decomposition

analysis techniques and the simulation results of each step of the proposed algorithm

is shown in Figure 4 and Tables 1-3. Each of the decomposition methods have some

pros and cons that provide certain strengths or weaknesses to extract the defects in the

test. Here, the sensitivity of these methods is investigated to increase the performance

of the algorithm in order to segment the defects. Figure 5.a shows the results of the

eigen-decomposition techniques of the child. The results of the methods for fresco

is presented in Figure 3.b. All the methods revealed considerable outcome to extract

the defects on a part of the polychromatic wooden statue minus SNMF1, which was

able to detect only the deeper defect. The results of fresco revealed also a consider-

able performance of CCIPCA, NMF, PCA, SNMF1. However, the SNMF2 provided

more misclassified regions (which is qualitatively shown in Figure 4.b) than others.

Intriguing, sub-superficial cracks can be easily detected as indicated by red arrows.
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Fig. 4 Results of eigen decomposition techniques. a) Child polychromatic wooden statue; b) fresco; c) AQ

Faculty of Engineering; d) Saint Bernardino painting. In every case the results of CCIPCA, PCA, NMF,

SNMF and SNMF2 are presented.

Contrarily, in CCIPCA and PCA the false positive has lower amount as compare to

others, which is confirmed by quantitative results in table 2. For one detected defect

(it is shown in Figure 4.a, i.e., the lower defect on the face of child statue) SNMF1

has high accuracy if compared to the other methods (Table 1). CCIPCA has also

manifested the highest accuracy considering lower false positive (100% accuracy -

0.69% false positive). However, the accuracy of the proposed approach considerably

decreased when the second defect is also added to the calculations (the second defect
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Fig. 5 The final results of the proposed algorithm for defect detection and automatic detec-

tion/classification of externally reinforced structures composed by flax fiber reinforced polymer (FFRP)

composites.

located on the surface of the Child). See for reference Figure 3a, i.e., the higher de-

fect on the face of child statue which is smaller than the first detected and Table 2).

The wavelet data fusion provided a good data combination to decrease the effects of

misclassification and increase the influence of good segmentation. For instance, on

one hand PCA provides performance, which can be added to the rest of the meth-

ods and on the other hand, the additional methods give some misclassified regions in

terms of false positives (extra detected defects) that can be eliminated through this

data fusion. The results of the all techniques are shown in the Figure 5. The compu-

tational load 1 of the methods are comparatively shown in tables 3. It is noticeable

that CCIPCA has the lowest computational complexity, therefore it is a fast and accu-

rate technique to be used into the cultural heritage field, as well as for the automatic

detection/classification of externally reinforced structures composed by flax fiber re-

inforced polymer (FFRP) composites in buildings. It is possible to mention that the

difference in the accuracy is also linked to the way in which the different algorithms

”react” to the emissivity variation caused by the pigments or natural fibers.

1 The computational load is processing time measured while the computer system performs (CPU time).
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Table 1. The quantitative accuracy of our approach for the polychromatic statue is shown; in this case the authors consider only one defect 

detected on the specimen surface. 

 

Methods 

Accuracy 

Pixels detected correctly  

(True positive) 

Accuracy 

(%) 

False-

positive 

False-positive (%) 

PCA 1292 100 387 29.95 

NMF 386 98.13 39 10.45 

CCIPCA 1445 100 10 0.69 

SNMF 551 99.81 0 0 

SNMF2 983 100 70 7.12 

 

Table 2. The quantitative accuracy of our approach for the polychromatic statue, the fresco, the Faculty of Engineering of L'Aquila city, 

and the painting on canvas is shown. 

 

 

Methods 

 

Accuracy (polychromatic statue) 

Pixels detected 

correctly (True 

positive) 

 

Accuracy (%) 

 

False Negative 

 

False Negative 

(%) 

 

False Positive 

 

False Positive 

(%) 

PCA 2178 42.35 1841 35.79 17 0.33 

NMF 3627 70.52 423 8.23 12 0.23 

CCIPCA 1899 36.92 3244 63.08 1536 29.87 

SNMF 1355 26.35 3538 68.79 42 0.81 

SNMF2 3702 71.98 718 13.96 1050 20.41 

 

Methods 

 

Accuracy (fresco) 

Pixels detected 

correctly (True 

positive) 

 

Accuracy (%) 

 

False Negative 

 

False Negative 

(%) 

 

False-positive 

 

False-positive 

(%) 

PCA 3140 57.11 2359 42.89 3187 57.96 

NMF 3007 54.68 2492 45.32 2217 40.32 

CCIPCA 2890 52.55 2609 47.45 1770 32.18 

SNMF 3007 54.68 2492 45.32 2217 40.32 

SNMF2 2919 53.08 2580 46.92 1318 23.97 

 

Methods 

 

Accuracy (Faculty of Engineering AQ’s wall) 

Pixels detected 

correctly (True 

positive) 

 

Accuracy (%) 

 

False 

Negative 

False Negative 

(%) 

 

False-positive 

 

False-positive 

(%) 

PCA 19850 68.53 9115 31.47 13136 45.35 

NMF 16341 56.42 12624 43.58 12233 42.23 

CCIPCA 19677 67.93 9288 32.07 13082 45.16 

SNMF 16013 55.14 13027 44.86 3477 11.97 

SNMF2 14886 51.26 3082 48.74 3082 10.61 

 

Methods 

 

Accuracy (St. Bernardino painting) 

Pixels detected 

correctly (True 

positive) 

 

Accuracy (%) 

 

False 

Negative 

 

False 

Negative(%) 

 

False-positive 

 

False-positive 

(%) 

PCT 3071 30.49 7190 3.83 16515 8.78 

NMF 4223 41.94 6013 3.19 61149 32.53 

CCIPCT 4961 49.27 5770 3.07 10786 5.74 

SNMF 3430 34.06 7190 3.83 33108 17.61 

SNMF2 2649 26.31 7641 4.06 26167 13.92 

4.2 Results of the clustering

The results of eigen decomposition and factor analysis techniques have been pre-

sented in the previous section, while in this section the results for K-means clustering

are shown in Figure 5. They include the clustering approach for the algorithm in every
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Table 3. Table of computational cost for the proposed methods inherent to the polychromatic statue, fresco, 

Faculty of Engineering AQ’s wall, and the painting on canvas. 

 

Methods 

 

Computational load (polychromatic statue) 

Factor analysis (s) Clustering (s) Wavelet fusion (s) 

PCA 1.570819 0.92 0.022 

NMF 4.267770 0.72 0.02 

CCIPCA 0.024910 1.19 0.021 

SNMF (for 1000 Iteration) 30.994544 0.84 0.018 

SNMF2 (for 200 Iteration) 53.151630 0.722 0.032 

 

Methods 

 

Computational load (fresco) 

Factor analysis (s) Clustering (s) Wavelet fusion (s) 

PCA 9.678299 0.484188 0.011242 

NMF 7.290876 2.285472 0.013743 

CCIPCA 0.204019 0.112533 0.007896 

SNMF (for 1000 Iteration) 119.111053 0.169409 0.007228 

SNMF2  (for 200 Iteration) 227.278529 0.092327 0.094902 

 
Methods 

 

Computational load (Faculty of Engineering AQ’s wall) 
 

Factor analysis (s) Clustering (s) Wavelet fusion (s) 

PCA 7.862273 0.430725 0.008992 

NMF 6.508169 0.846036 0.009688 

CCIPCA 0.075162 0.330999 0.008949 

SNMF (for 1000 Iteration) 115.798613 0.589722 0.010877 

SNMF2 (for 200 Iteration) 206.573677 0.558081 0.047884 

 

Methods 

 

Computational load (St. Bernardino painting) 

 

Factor analysis (s) Clustering (s) Wavelet fusion (s) 

PCA 4.390504 1.438757 0.389003 

NMF 6.980534 0.460320 0.034915 

CCIPCA 2.282091 0.736115 0.040203 

SNMF (for 1000 Iteration) 76.142209 0.961962 0.069831 

SNMF2  (for 200 Iteration) 129.605149 0.86453 0.05457 

 

dimensional reduction techniques. As it aforementioned, the applying of clustering

in different methods and fuse the data with PCA creates best possible similar out-

come. Figure 5 qualitatively shows the performance of the clustering approach after

wavelet data fusion for different procedures. Tables 1,2 represent the accuracy and

computational load of the algorithm to find defects or automatically classify natural

fibers applied on the facade of a building, respectively. To quantitatively evaluate the

accuracy of the proposed algorithm, a ground truth (GT) is required. For that, an im-

age that is manually labeled has been used. Besides the accuracy of defect detection

which considers a significant difference between these methods, computational load

of the approach and clustering are some other differentiation factors in our analyzes.

Local accuracy (ACC) is calculated by:

ACC(%) =
Correct detected pixels

Total pixels o f de f ect
∗100 (6)

The accuracy was calculated based on the number of detected pixels and were com-

pared to GT images (false-positive and false-negative parts were also eliminated from

the raw accuracy). A professional art and archeology restorer - having several years of



16 Bardia Yousefi et al.

experience - worked on the validation of the defects detected, subsequently repaired

in part or totally. This technical help increased the reliability of the procedure.

5 Discussion

Application of the thermal image analysis using PCA, CCIPCA, SNMF1, and SNMF2

were proposed for defect detection. The main concerns for automated system to find

the defects using mentioned approaches is to find best basis image which better rep-

resents the ROI (the basis corresponds to which rank). Choosing lower number of

basis, normally provides no guarantee to have better defect representation. CCIPCA

improves the problem of batch analysis of PCA and strives to alleviate the rank se-

lection problem [23],[26] but yet provides lower contrast property than PCA. It is the

reason for which the second defect in Child polychromatic wooden statue is solely

detected in PCA (it is also shown in CCICPA, NMF, and SNMF2 but did not au-

tomatically detected, Figure 4) and better visibility of defect in the mural painting

through PCA (Figure 5). However, Saint Bernardino painting result for CCIPCA is

better than PCA and apparently all of the methods because of low rank performance

of CCIPCA (lesser mixing up the basis) but still showed lower contrast as compared

with other methods. Since NMF basically has non-negative coefficients correspond

to basis, unlike PCA and CCIPCA, the selected basis can be more representative of

different classes in segmentation performance but yet they showed relatively similar

performance. The optimization of NMF by gradient descent, which ensures the con-

vergence by rescaling factor in thermography application, did not show any signifi-

cant difference as compared to the conventional least squares error minimization nor

the generalized Kullback-Leibler divergence. One very good example of this point is

shown in the results of SNMF1 and SNMF2 in Child polychromatic wooden statue

(Figure 5).

6 Conclusions

The proposed approach was based on applications of thermal and infrared tech-

nology in Civil engineering, Arts and Archeology fields. It addressed the applica-

tion of some known factor analysis and eigen-decomposition methods such as stan-

dard Non-Negative Matrix Factorization (NMF) optimized by gradient-descent-based

multiplicative rules (SNMF1) and standard NMF optimized by Non-Negative Least

Squares (NNLS) active-set algorithm (SNMF2) and Principal Component Analysis

(PCA in Thermography), Candid Covariance-Free Incremental Principal Component

Analysis(CCIPCA) in Thermography to obtain the thermal features. These methods

have been applied as preprocessing before clustering for segmentation purpose of

possible defects (and/or retrieval/detection of natural fibers used to rebuild buildings).

In addition, a wavelet based data fusion was used to combine the data of each method

with PCA. In this way, the accuracy of the algorithm was increased. Three different

artistic specimens, a polychromatic statue, a fresco, and a painting on canvas, have

been used to benchmark the proposed algorithm, along with an external wall rein-

forced by natural fibres. The quantitative assessment of these approaches indicates
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considerable segmentation along with the reasonable computational complexity. It

showed the promising performance for most of the decomposition method partic-

ularly for CCIPCA (low computational load and reasonable accuracy) and demon-

strated a confirmation for the outlined properties. Both from a mathematical and

engineering point of view, interesting results were obtained. The future work will

include the analysis of the algorithm for other data-set to evaluate its strength and

weakness.
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