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Abstract: Detection of subsurface defects has hitherto been regarded as an important
element in the course of preserving cultural heritage. To do so, non-invasive imaging
approaches for viewing and determining the location of splitting inside the sample
under test are required, which constitute the subject of the present study. Both active
thermography and terahertz imaging have demonstrated their potential in providing
non-destructive inspection on cultural heritage objects. Conventionally, active
thermography has been used to retrieve details on the defects as well as morphological
data from the surface and subsurface, whereas pulsed terahertz imaging has been
applied to record the internal material distribution. Here, the feature extraction,
selection and fusion framework is extended to design a fusion process to merge the
information obtained by both active thermography and terahertz imaging; in this way,
the technique naturally inherits the strengths of both aforementioned imaging
technologies. The fusion technique is able to produce images with high-contrast defect
information located at different depths. To demonstrate the efficacy of the suggested
technique, an experiment has been conducted on an ancient marquetry.
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1 Introduction

There has been a growing interest in the preservation and conservation of cultural
heritage artifacts [1]-[3]. Applications of scientific methods in the field of non-
destructive inspection (NDI) of cultural heritage are continuously expanding.
Subsurface defects, in particular, have the potential to cause significant harm to the
cultural heritage that needs to be preserved. In this regard, an imaging approach, as to
view and thus determine the location of splitting inside the sample under test, is required.
During the inspection of artworks, a variety of imaging techniques have been utilized,
including ultraviolet fluorescence [4], [5], acoustic imaging [6], X-ray [7], infrared
thermography [8], among other approaches. Fluorescence imaging is a technique for
determining the state of paint surfaces and varnish layers. This method, which creates
a 2D representation of surface paint layers, is able to detect ultraviolet-absorbing
fluorescent-emitting substances, which suggest possible retouching or old varnish
layers. The acoustic method is usually used by conservators for defect detection in
frescoes. However, as this method yields only approximate results, only experts are able
to determine the severity of the defect accurately. High-resolution diagnostics of a wide
range of artworks, including mural paintings, sculptures, and monuments, are possible
with portable X-ray tubes and digital X-ray detectors. That said, X-ray pictures are
frequently affected by the superposition of other images due to the thickness of the
material, resulting in undesirable consequences.

Among the most relevant NDI methods, active thermography [9]-[11] and
terahertz imaging [12]-[14] are of the highest significance, and several studies have
already demonstrated their utility in examining cultural heritage objects of disparate
structures and materials. By controlling the intensity of the external energy source,
active thermography can provide information concerning the surface of cultural
heritage as well as their thermal properties [15]-[18]. Because active thermography
produces data with a high signal-to-noise ratio (SNR), it is routinely employed to
investigate the thermal characteristics of the sample of concern. Mercuri et al. [19], for
instance, studied a painted altarpiece preserved inside the Basilica of Santa Maria in
Cosmedin, Rome, Italy, by combining three imaging techniques operating in the near-
and mid-infrared spectral ranges. The results enabled the detection of damage in the
wooden support and the identification of pictorial features buried beneath the visible
paint layer, thus providing valuable information. Tavakolian et al. [20] proposed an
infrared tomography method for wood inlay inspection. Chirped laser beam was used
as a modulated excitation source for heat generation, while the thermal sequence was
recorded with a mid-infrared camera and processed by a cross-correlation algorithm, as
to obtain infrared images in a layer-by-layer modality. Defects such as empty holes or
subsurface splitting of the wood inlay specimen were identified with this method. Yao
et al. [21] conducted a comparative study on a Madonna panel painting, which has four
fabricated defects. Three thermal data processing methods including pixel-wise
algorithm for time-derivative of temperature, independent component thermography



and sparse principal component thermography were compared so as to identify the most
suitable method in terms of contrast enhancement on the defective regions. The results
showed that independent component thermography method effectively improved the
contrast at the end of the procedure.

Terahertz radiation can be used to investigate cultural heritage artifacts in a non-
contact and non-destructive fashion [22]. In a variety of materials, such as plaster, wood,
or ceramics, it has demonstrated to have a significant penetration depth, providing
internal information concerning the realization of cultural heritage objects. Groves et
al. [23] investigated into the pulsed terahertz imaging technique for structural
diagnostics of wooden panel paintings. Amplitude and time-delay features were both
proved to be effective in revealing cracks on the wooden support. Dong et al. [24]
leveraged the terahertz reflective imaging approach for diagnosis of a mid-20" century
Italian painting titled After Fishing. Frequency-wavelet domain deconvolution (FWDD)
was applied to obtain the impulse response function of the terahertz reflection signals.
Stratigraphic imaging was achieved by calculating the absolute value of the reflective
peaks. It is worth noting that terahertz reflective imaging using FWDD signals is able
to disclose spots in the paperboard that are not identifiable through X-ray techniques.

Based on the above discussion, it is possible to say that, no sensor or measuring
system is able to provide adequate information for the structural diagnosis of cultural
heritage objects [25]. In order to fully exploit the features provided by detection systems
such as active thermography and terahertz imaging, a data fusion approach is
implemented in this work. An ancient marquetry is used as the object under study.

Firstly, feature extraction, selection and fusion (FE-S-F), as a data fusion
framework, is applied to data from two active thermography techniques; in this way,
the features extracted from different excitation modes and at different depths can be
combined together [26].

Subsequently, the FE-S-F framework is extended to extract, select and fuse
features from active thermography and terahertz imaging. On the one hand, the active
thermography is able to reveal the details of defects as well as the morphological
information from both the surface and subsurface. On the other hand, the terahertz
imaging can record material distribution at different depths.

Generally, the feature extraction stage collects features, which, in this case, include
time-domain, frequency-domain, and statistical ones. Feature selection based on the
SNR of the defect region is carried out next, as to select suitable feature images for the
fusion stage. Finally, the fused results are generated via an unsupervised deep residual
fusion network based on fusing feature images from two excitation modalities; the latter
is found to be able to intuitively depict both surface and sub-surface defects.

2 Material and method

2.1 Marquetry sample

The ancient marquetry of concern, as shown in Fig. 1, consists of three layers.
The support is made of fir wood, the middle is the animal glue, and the top is the
ornamental layer, which is a composite of several materials, including but not limited



to pearl (white tesserae) and bovine horn [27]. The perimeter is built using boxwood.
Seven obvious defects (i.e., missing and broken tesserae) can be identified through
just visual inspection, as marked in Fig. 1(a). The defect G, unlike others, is not
conspicuous, as it refers to a detachment region, which has been initially identified by
a tap test. In addition, decays due to microbiological growth and moisture can be seen
on the rear side of the sample (see Fig. 1b).

(a) (b)
Fig. 1. Photographs of the ancient marquetry: (a) front side, and (b) rear side.

2.2 Infrared-terahertz fusion imaging

The active thermography data are collected with a dynamic line-scan technique
under the experimental setup of Fig. 2. The setup is composed of a line heat source and
a longwave infrared camera (FLIR Phoenix, NETD = 50 mK). The data sampling rate
is regulated as to guarantee that data processing can be done concurrently with scanning,
owed to the need for dynamic analysis of the in-sifu inspection data. The infrared
camera has a spatial resolution of 640 x 512 pixels and a sampling rate of 55 frames per
second (fps). The marquetry sample is fixed and manipulated to go through the lined
heat source by x-y scanning platform.
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Fig. 2. Experimental setup for the line-scan active thermography.

In line-scan thermography, the temperature distribution in the direction normal to
the surface from time equal to [-oo, t] can be expressed by [28]:
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where K,(x) is a modified Bessel function of the second kind of order zero, v is the
movement velocity, L isthe sample thickness, k isthe thermal conductivity, a isthe
thermal diffusivity, and g is the rate of heat emitted per unit length.

Therefore, the temperature at the heated sample surface in line scan thermography can
be expressed as:
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For a moving system, the surface temperature can be expressed as:
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The terahertz imaging system is shown in Fig. 3. A pump beam and a reference
beam are generated from the ultra-fast laser pulse. An optical time-delay line is used to
time-shift the pump beam, which is then converted to a terahertz pulse using a terahertz
emitter. A coupled detector catches the terahertz pulse as it passes through the sample.
The sampling signal is the reference beam, which is implemented on the detector. After
sampling, the terahertz signal is sent to a lock-in amplifier. The weak signal that has
been amplified is analyzed during the data collection process.
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Fig. 3. The schematic diagram for the terahertz imaging system.

The terahertz time-domain spectroscopy (THz-TDS) system is manufactured by
Menlo Systems GmbH, Munich, Germany. The system has a frequency resolution of
1.2 GHz, and a repetition rate of 100 MHz. The experiment is carried out in
transmission mode. The scanning step is set at 0.5 mm.

As an extension of the FE-S-F framework [26], the fusion process is shown in Fig.
4. First of all, raw data from the active thermography and terahertz imaging systems is
processed using feature extraction methods to gather features from temporal, frequency,
and statistical aspects. Meanwhile, the SNR of each feature is calculated through the
pixels sampled from both the defect region and the sound region [29]. Then, depending
on the criterion of highest SNR, the best feature is selected for the fusion step. Finally,
the selected features from two imaging systems are processed with cropping, rotating
and scaling operators to maintain geometrical alignment, and then merged by an
unsupervised deep residual network [30]; in this way, a fusion image including defect
information from surface to interior of the sample can be realized.



Feature

extraction
Time
Active
Frequency Featur
thermography cature Feature fusion
Statistical selection
i Fusion
max SNR _Data De.ep residual
alignment fusion network result
Time
Terahertz Amplitude
imaging Phase
Intensity

Fig. 4. The flowchart of the fusion technique.

In the feature extraction stage, data collected from both the active thermography
and terahertz imaging can be regarded as a three-dimensional tensor X € RM*N*P,
where M and N correspond respectively to the row and column of the tensor,
whereas P refers to the number of time stamps in the data sequence. A time domain
feature X;j(k) is just a typical frame extracted from the data sequence. Here, i =
1,...,M and j =1,...,N jointly index the spatial location,and k = 1,..., P indexes
the time stamp of the corresponding typical frame. The intensity of X;;(k) can be
regarded as the maximum value of the transient response at each pixel, i.e.,

intensity;; = max(X;;(k
Yij ( L]( ) ( 4)
where the max(-) operator returns the maximal element of the length-P input vector.

In the feature selection stage, the SNR is calculated by taking 150 pixels from each
defect region, alongside another 150 pixels from the sound area (i.e., a region with no
defect). Mathematically, the SNR is given as:
1Xa — Xslly

s (5)
where X; and X denote the vectors containing intensity values of the pixels from the
defect and sound regions, respectively, and o is the standard deviation, representing
noise variability.

In the feature fusion stage, an unsupervised deep residual network is employed, of
which the details on the network layers and architecture can be found in [31], and thus
are not reiterated. In short, the network is modeled as an encoder—decoder architecture.
The encoder contains a convolutional layer and a dense-connected block, which has the
capacity to extract high-dimensional representations of feature images from different
modalities. Then, these high-dimensional representations are fused with an [;-norm
based fusion rule and reconstructed by the decoder, which is composed of convolutional
layers. The encoder combines dense connections with residual modules to extract high-
dimensional representations from feature images. Residual learning can optimize
several convolutional layers as identity mapping which eases the training of the deep
neural network and, in parallel, benefits from increasing depth. Dense connections

SNR = 20 - loglo



between residual blocks ensure that the input of each residual block is the concatenation
of all of the former modules. This effectively protects the information in the middle
layer from vanishing.

3 Results and discussion

The thermal sequence collected from the active thermography experiments is
illustrated in Fig. 5. The cooling of surface temperature, see Fig. 5(a), is a result of the
thermal diffusion process. It can be seen that the thermal contrast of some surface hot
spots decreases gradually in time; these represent the scratches existing on the surface
of the sample. Some regions with a higher thermal contrast do not change significantly
over time; these regions correspond to defects of various kinds, namely, cracks,
detachments, and the missing tesserae. According to the thermal diffusion theory from
the surface to interior, a 3D reconstruction of the marquetry sample can be obtained
from the thermal images acquired sequentially in time. The 3D reconstruction result is
depicted in Fig. 5(b). It can be observed that the thermal contrast due to defect A, i.e.,
a missing tessera—recall Fig. 1(a)—persists along the “depth” (or z) direction, whereas
the thermal contrast due to defect H, i.e., a broken tessera, only exists near the surface.

100 ms 300 ms

(b)
Fig. 5. Infrared thermography result of the ancient marquetry sample: (a) images of
the different depths (from the surface to the internal layer of the sample), and (b) 3D
reconstruction of the marquetry sample.



Fig. 6 shows the features of defect A extracted from the thermal image sequence.
In this case, features include the time- and frequency-domain ones, as well as computed
statistics. Time-domain feature refers to just the typical frames of thermal sequence.
Frequency-domain features include amplitude feature and phase feature, which can be
acquired from Fourier transform [32]. The amplitude feature is related to the surface of
the sample up to a limited depth; it can be used to describe the surface morphological
information. The phase feature is less sensitive to shape information, instead, it is linked
to the depth reached by the thermal waves and thus allows calculation of defect depth.
The first two statistical features are skewness and kurtosis, which are the third- and
fourth-order standard central moments [33]. In addition to that, the first principal
component calculated by principal component analysis (PCA) is used as another
statistical feature [34]. From visual inspection, it is possible to conclude that time-
domain, amplitude, and principal component features give higher contrast than others.
Notwithstanding, phase, skewness and kurtosis features are more adequate in reflecting
defects along the depth direction. This is shown in the stereo appearance of the defective
area related to the missing tessera.

20
40
60
&0
100 &= 100 &=

20
40
60
80
100
20060 100 149 20060 100 149
(d) (e)

Fig. 6. Features of defect A extracted from infrared thermography sequence: (a) time-
domain feature; (b) amplitude feature; (c) phase feature; (d) skewness feature; (e)
kurtosis feature; and (f) principal component feature.

It should be noted that the selection of suitable features entering the fusion process
cannot be based only on visual observation because any decision made thereof would
have a sense of subjectivity attached to it, for that reason, the authors consider the SNR
of the defective area as the criterion for feature selection. More particularly, the feature
that has the highest SNR is to be selected for the fusion process. To demonstrate the
SNR-based feature selection, the SNR of each feature is calculated for two missing
tesserae (defects A and E) and one detachment (defect F). Recall Eq. (5), in that, X,
for each defect is a vector of 150 pixels surrounding that defect, whereas Xg, in all three
cases, is a vector of 150 sound-area pixels in the neighborhood of defect A. Since there
are three defects of interest and six features, a total of 18 SNR values are computed and



shown in Fig. 7. It can be observed that the time-domain feature has the highest SNR.
Amplitude feature and principal component feature also shown interesting thermal
contrasts, as evidenced from the high SNR. These observations are consistent with the
visual representations in Fig. 6.
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Fig.7. SNR calculated for feature selection. (a) SNR on the defective region of each
feature, and (b) average SNR of each feature.

Fig. 8 illustrates the terahertz time-domain spectroscopy analysis on the marquetry
sample. The experiment is carried out in the transmission mode. Therefore, the intensity
of each point shows the attenuation of terahertz wave in the marquetry. As visible from
the left panel of Fig. 8, the areas related to the missing tesserae have higher intensities
than other regions; this is true especially for the regions of defects A, B and E, cf. Fig.
1. It should be noted that the area along the left boundary of the sample has a lower
thickness than other areas, which can also be seen from the rear side photo shown in
Fig. 1(b). This leads to a lower signal attenuation of the terahertz waves, corresponding
to a higher intensity. Another interesting point is related to the damaged part on the rear
side of the sample, behind defect D, see Figs. 1(a) and 1(b). This part shows a higher
attenuation of the terahertz signal as visible in the related image. The possible reason
can be linked to the fact that the decay of the fir wood leads to alternation of its thermal
properties.

With the aim of performing spectroscopic analyses on this sample, the present
authors select and put to analysis some image pixels from the defective regions. Time
and frequency domain curves are generated accordingly. As shown in the time-domain
curve (Fig. 8), the main peak of terahertz wave detected on the missing tesserae (i.e.,
defects A and B) arrived earlier than the one detected on the detached region (defect G).
Due to the absence of the tesserae, the thickness of the sample (considering the terahertz
wave propagation path) is reduced, which results in the shorter time delay of the peak
arrival on these regions. On the other hand, it is possible to see in the spectrum that the
region with tesserae has higher attenuation than the missing tesserae regions.
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Fig. 8. Terahertz time and frequency domain analysis on the marquetry sample.

Considering that terahertz imaging needs to provide internal defect information to
complement the active thermography imaging, more attention during the feature
extraction and selection process of terahertz imaging ought to be paid to the area of
interior defects such as detachments. Shown in Fig. 9 are features of defect G region
extracted from terahertz imaging system, which include time-domain, intensity,
amplitude and phase features. Its time-domain feature is chosen at the arrival time
(56.63 ps) of the main peak. However, time-domain feature only contains information
about the detachment area. Other detailed information such as the location of inlays is
missing from this feature. The intensity feature and amplitude feature both show the
attenuation of terahertz wave in different materials. The intensity feature, i.e., Fig. 9(b),
is recorded point-by-point as the highest peak value of the time-domain curve. Besides,
the amplitude feature is calculated based on the frequency-domain curve. As is well
known, the physical properties especially the absorption coefficient are affected by
frequency, which also leads to the variation of attenuation in the spectrum. As shown
by the frequency-domain curves in Fig. 8, the amplitudes of different materials have
noticeable differences at 0.56 THz. Therefore, this frequency point is chosen to obtain
the amplitude feature, as shown in Fig. 9(c). Comparing these two features focusing on
the attenuation, it can be concluded that the intensity feature has higher contrast at the
boundaries of the tesserae, whereas the phase feature is sensitive to the variation along
the depth direction, which has led to the high contrast over the detachment region. It is
worth noting that, as compared to time-domain feature, phase feature preserves more
details on the location and shape of tesserae. This can complement the contrast
suppression on the feature from active thermography during the fusion process. The
SNR shown in Table 1 is calculated on the basis of defect G. Then, on the basis of the

Amp-log [a.u.]
=
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highest SNR criterion, phase feature of terahertz imaging is selected for the fusion
process.

50
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Fig. 9. Features of defect G area extracted from terahertz imaging system: (a) time-
domain feature; (b) intensity feature; (c¢) amplitude feature; and (d) phase feature.

Table 1. SNR calculated for feature selection on defect G.

Time feature Intensity feature ~ Amplitude feature Phase feature
49.52 42.95 42.00 59.24

Fig. 10 illustrates the final fusion results. The fusion technique is able to
successfully detect all defects, with high contrast, such as the missing tesserae A, B, C,
E and the defects F, G (detachments). It is worth mentioning that, the deep detachment
G cannot be retrieve by active thermography alone. This part has been integrated by
fusing the feature image provided by terahertz imaging. In addition, the defects due to
the decay in support layer have also been detected in the final result. Active
thermography provides useful surface information such as the shapes of the tesserae or
scratches (see region 2 and 3, for reference). Terahertz imaging gathers internal defects
and material distribution information. The fusion technique extended from FE-S-F
framework extracts features containing high-contrast defect information; these features
have been integrated into the final fusion image, showing defect information at different
depths.
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Fig. 10. Fusion result on marquetry sample (left), alongside three zoomed insets over
some specific regions (right).

4 Conclusion

In this work, a non-invasive fusion imaging method has been investigated and
proven capable of being used for cultural heritage inspection. An ancient marquetry
with natural defects has been inspected via line-scan thermography and terahertz
imaging systems. To integrate the morphological information provided by active
thermography and internal material information collected from terahertz imaging, a
fusion method is developed based upon the feature extraction, selection and fusion
framework. Time-domain, frequency-domain and statistical features are selected based
on the signal-to-noise ratio (SNR) of the defective region and, finally, fused by an
unsupervised deep residual fusion network.

The non-invasive fusion imaging method successfully reveals the defects such as
missing tesserae or splitting located at different depths. The experiment has
demonstrated that the proposed fusion imaging has the potential to provide high SNR
defect information and high thermal contrast results for the cultural heritage inspection.
This complementarity must be commended. Finally, the combination of terahertz
stratigraphic imaging, which can provide images at different depths, and 3D extension
of the fusion imaging are to be further investigated on other materials [35], [36].
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