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Abstract
In recent years, the conservation and protection of ancient cultural heritage have received increasing attention, and non-destructive testing (NDT), which can minimize the damage done to the test subject, plays an integral role therein. For instance, NDT through active infrared thermal imaging can be applied to ancient polyptychs, which can realize accurate detection of damage and defects existing on the surface and interior of the polyptychs. In this study, infrared thermography is used for non-invasive investigation and evaluation of two polyptych samples with different pigments and artificial defects, but both reproduced based on a painting by Pietro Lorenzetti (1280/85–1348) using the typical tempera technique of the century. It is noted that, to avoid as far as possible secondary damages done to the ancient cultural heritages, repeated damage-detection experiments are rarely carried out on the test subjects. To that end, numerical simulation is used to reveal the heat transfer properties and temperature distributions, as to perform procedural verification and reduce the number of experiments that need to be conducted on actual samples. Technique-wise, to improve the observability of the experimental results, a total variation regularized low-rank tensor decomposition algorithm is implemented to reduce the background noise and improve the contrast of the images. Furthermore, the efficacy of image processing is quantified through the structural-similarity evaluation.
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Introduction
Non-destructive testing (NDT) has become an indispensable technique in numerous fields, as it has the capability to maintain the serviceability of materials, components, and structures under test [1, 2]. Additionally, NDT techniques have been widely utilized to ensure the quality and integrity of the production process [3]. Particularly in the field of cultural heritage, of which the subjects under study have an irreplaceable and historic nature, NDT is all the more essential, as to protect the subjects from damages during the restoration and conservation process [4, 5]. Recently, a Chinese Bronze Lei was subjected using NDT techniques, enabling the detection of internal defects and ensuring the preservation of historical artifact [6, 7]. Owing to its outstanding resolution and high efficiency, as well as its ability to cover a large area in a short time period, infrared thermography (IRT), as an NDT technique, has hitherto been attracting much research interest in cultural heritage inspection [5, 8–12], in particular, it has been commonly used to evaluate the defects and damages in ancient artworks [13].
During the experiment of IRT, the temperature variation of the sample surface is recorded continuously by an infrared camera working at a fixed frequency. Defects are detected via IRT if the thermophysical properties of the defective and sound regions are different enough to produce a measurable thermal contrast. Using IRT to evaluate artworks is often perceived as more advantageous than using traditional inspection methods, owing to its non-destructive and inexpensive nature, as well as good ability to identify potential defects [14, 15]. In contrast to IRT [16–19], ultrasonic testing, which is another commonly used inspection method, requires a couplant (usually liquid) material added between the probe and the surface to be inspected. However, it is not advised to use such technique for precious/brittle test subjects, because liquid couplings can cause damages to the artwork. Another example is the penetrant testing technique, which is also problematic because of the necessity of using penetrants, which can be hard to remove.
Indeed, in restoration and preservation of artworks, the ability of detecting the defects is of primary interest, but it is also critically important to avoid secondary damages done to the artworks that are potentially caused by the NDT technique used. As such, in most cases, it is not advised to carry out repeated experiments on test subjects. The thermochromic effect constitutes a potential secondary damage while using IRT. Two ways can be used to avoid the thermochromic effect: (1) minimizing the input energy [20, 21], and/or (2) performing ad hoc numerical modeling to help obtain quantitative and reproducible results, so as to guide and optimize the procedure for testing the actual subjects [22–25]. The present work takes the second option. Numerical simulation constitutes an effective means to test and optimize the design of IRT systems [20, 24, 25], as it is not only able to mimic the experimental environment but also able to predict the experimental result. In addition, it can contribute to understanding the physical mechanism of heat transfer and radiation in the complex materials and structures, which is vital to IRT.
The test subjects of concern of this work are polyptychs, which are paintings made up of more than three panels. Polyptychs are typical anisotropic structures, since they are often constructed with multiple materials. One purpose of this work is therefore to leverage numerical simulation technique to optimize the defect detection on such anisotropic structures using IRT. The ancient polyptychs may have defects such as voids, cracks, or splitting in the interior, due to the passage of time. In the process of polyptych restoration, it is of great significance to detect different types of defects.
Two polyptych mock-ups, both based on a painting by Pietro Lorenzetti (1280/85–1348), were produced with different pigments using the typical tempera technique of the fourteenth century, and various artificial defects were introduced. Before applying IRT to the two samples, numerical simulations were conducted to reveal the physical mechanism of heat transfer and radiation. A geometric model of the samples was drawn. The computer model of the two samples was constructed in COMSOL Multiphysics®. Material properties were added to the geometrical model, and the heat transfer process was simulated to generate a temperature difference that is useful for detection.
More specifically, in order to complete the 3D modeling of the sample, the general outline of the sample was first established in the simulation environment, and then the CAD model of the detailed part of the sample was constructed. The complete sample is modeled by importing the CAD model into the simulation environment. The parameters used in the simulation process were adjusted to mimic that of the actual experimental environment.
After simulation, an infrared camera and two flash heat sources were used to establish a real experimental environment. The real temperature data of the sample surface were collected by experiments. To optimize the quality of the recorded thermal images, image denoising was carried out. The denoise technique leverages the total-variation regularized low-rank tensor decomposition, which is able to minimize Gaussian noise, impulse noise, alongside other types of noises that can potentially contaminate the images. The subsurface defects of the sample can be detected after the image processing step. Finally, the thermal images after noise reduction were further analyzed to detecting defects invisible to the naked eye. The steps mentioned above are described in more details in Sects. "Description of the samples under test and numerical simulation setup" and "Methodology."
Compared to previous infrared image detection, this study makes an outstanding contribution in denoising infrared images using Tucker decomposition. This technique is able to improve the quality and accuracy of defect detection. The novelty lies in the utilization of Tucker decomposition as a denoising method, which is advantageous in capturing and thus representing the underlying structure and spectral variations of infrared images. By utilizing the tensor-based Tucker decomposition, our method effectively reduces noise while preserving the essential information relevant to defect detection.

Description of the samples under test and numerical simulation setup
Realization of the samples
In order to study the detection ability of proposed method on polyptychs, two mock-ups are prepared and subjected to investigation in this study. The two mock-ups, which are both based on a fourteenth-century tempera painting, were realized by a professional restorer. The original polyptych is painted by Pietro Lorenzetti in 1320, see Fig. 1a. It is currently preserved in the Santa Maria della Pieve Church in Arezzo, Italy. The redrawn part of the painting is enlarged and shown in Fig. 1b.[image: ]
Fig. 1a A photograph of the polyptych of interest, b a zoomed view on the reproduced part


The paintings were realized on supporting panels using the tempera technique that is typical in the fourteenth century. The technique uses eggs, animal glue, or vegetable glue as a binder for the pigments, and it is performed on wooden supports. To verify pros and cons of the IRT technique of interest in regard to the evaluation of defects, two similar (but not identical) painting samples were produced.
For clarity, the samples are referred to as sample A and sample B hereafter (cf. Fig. 2). Their colors were obtained using two ranges of powder pigments. For this reason, they have similar hues, but different compositions. The pigments were first diluted in water and then mixed with egg yolks, which act as adhesive. Furthermore, the preparation of plaster and glue followed the practices of the fourteenth century.[image: ]
Fig. 2Description of the painting sample: a The boards are used as support, b applying glue with a soft brush, c adding the first Teflon insert (defect 1), d using a soft brush and applying glue on the linen canvas, e drying the linen canvas layer, f adding the second Teflon insert (defect 2), g applying plaster and glue, h sanding the plaster layer, i adding the third Teflon insert (defect 3), j sanding the second plaster layer, k outlying the figure, l the positioning of the gold leaf, m using a damp cotton ball to adhere the gold leaf, n painting different pigments for sample A and sample B, and o drying of the final samples. (The fabrication of the samples is completed.)


Two wooden boards, which are of the same dimensions, were used as support. The dimensions of the boards are 200 × 300 × 15 mm, see Fig. 2a. In step two, the animal glue was prepared. The rabbit glue has been selected; it was soaked in cold water for several hours by respecting a ratio of 1:7 of dry glue and water, see Fig. 2b. On the next day, the soaked glue was melted and then applied to the surface of the board with a soft brush. Finally, it was left to dry.
Defect 1 was applied on such a layer previously treated with animal glue. It simulates a splitting, because it was realized by means of a piece of twice-folded Teflon. The size of defect 1 was 11 × 15 mm. In particular, it was added between the wooden support and the canvas layer, see Fig. 2c. This defect was placed 50 mm from the y-axis and 236 mm from the x-axis, respectively, recall Fig. 2a. In sample A, defect 1 is located approximately 4 mm from the painted surface, whereas in sample B, about 5 mm.
Two types of canvas were chosen, namely, linen for sample A and flax for sample B, see Fig. 2d and e. The canvases were cut with dimensions larger than the boards, frayed along the edges, washed in hot water, dried and ironed. The thickness of the linen canvas is 1 mm, whereas the thickness of the flax canvas is 2 mm. Both the linen and the flax canvas have a regular warp-weft interweaving (1:1 ratio). In this case, the application took place with a brush having soft bristles. The layer was finally left to dry for about two days.
Once the drying of the canvas layer was completed, defect 2, namely, a second Teflon insert of 1.1 × 2.5 cm, was added, and folded once on itself, see Fig. 2f. It was placed 115 mm from the y-axis, 150 mm from the x-axis, and about 3 mm from the painting layer. The next step was the adding of the first layer of plaster. A layer of approximately 2 mm thick (Bologna plaster and rabbit glue) was applied. Gypsum was added into the glue until saturated. The application was done with a brush, see Fig. 2g. The first layer of preparation after complete drying was sanded with a fine-grained abrasive paper, see Fig. 2h. The last Teflon insert was placed on this layer, this time, without being folded back; the size of the introduced defect was 1.1 × 3.5 cm, see Fig. 2i. Defect 3 was located 65 mm from the y-axis and 55 mm from the x-axis.
Above the first layer of preparation, a second layer of plaster of Bologna mixed with rabbit glue, which has a thickness of about 1 mm, was realized. After the second layer of plaster has been evenly applied and dried, it was sanded to obtain a flat surface that is easy to paint on, see Fig. 2j. Once the procedure for preparing the support and the surface suitable for receiving the pictorial layer was completed, the restorer executed the representation of the detail by tracing the drawing with charcoal, see Fig. 2k. A pentimento was also mocked near the lower part of the garment.
It was decided to create the halo of the angel of sample A following the gilding technique; in contrast, yellow pigments were used for the halo in sample B. On sample A, a layer of ready-to-use red bolus (acrylic in nature) was applied by brush, on which the gold leaf was subsequently adhered, see Fig. 2l. Once the bolus had dried, it was subjected to sanding with a fine-grained abrasive paper. Small pieces to be assembled were realized with a special tool for cutting the gold leaf; they were handled with the aid of a brush and made to adhere to the bole soaked in egg white, by applying slight pressure through manually operating a cotton ball, see Fig. 2m.
For the execution of the tempera painting, egg yolk was used as a binder with the addition of two drops of vinegar, see Fig. 2n. The rendering of the figure was obtained by successive superimpositions of pictorial backgrounds with marten hair brushes, mixing each time the right amount of pigment diluted in water with the binder. The characters of sample A and sample B were painted by using different pigments. After drawing the surfaces, the fabrication of the samples was finalized, see Fig. 2o.

Geometric modeling
This section discusses the procedure for constructing the geometric model, as to carry out numerical simulations of the temperature distribution on the surface of the samples. In this study, the geometric model was integrated with the CAD geometric design through the COMSOL Multiphysics software. During the modeling process, the defects introduced in the previous section were implemented in the COMSOL Multiphysics software. The sizes of the artificial defects are reported in Table 1. The method is based on cuboids of the sizes corresponding to the geometric dimensions of the different parts of the mock-ups. With this aim, the structure was rebuilt in an inverse manner. The positions of the cuboids in space were adjusted by changing the coordinates of the starting points. The sketch function was used to draw the outline (x- and y-axis), and then to stretch the working plane in depth (along the z-axis). In this way, the 3D model was built. The CAD result is shown in Fig. 3.Table 1Parameters of the geometric modeling


	Position
	Material
	Length[mm]
	Width[mm]
	Thickness[mm]
	Depth[mm]

	(a) Specific parameters of defects in sample A

	 Defect1
	PTFE
	11
	15
	0.4
	4.2

	 Defect2
	PTFE
	25
	11
	0.2
	3.2

	 Defect3
	PTFE
	35
	11
	0.1
	1.2


	(b) Specific parameters of defects in sample B

	 Defect1
	PTFE
	11
	15
	0.4
	5.2

	 Defect2
	PTFE
	25
	11
	0.2
	3.2

	 Defect3
	PTFE
	35
	11
	0.1
	1.2


	Position
	Sample A
	Sample B

	 (c) Comparison between sample A and sample B

	 Canvas covering
	Linen canvas (thickness is 1 mm)
	Flax canvas (thickness is 2 mm)

	 Defect 1
	Depth is 4.2 mm
	Depth is 5.2 mm

	 Defect 2
	Depth is 3.2 mm
	Depth is 3.2 mm

	 Defect 3
	Depth is 1.2 mm
	Depth is 1.2 mm

	 The angel halo
	Gold
	Golden ochre

	 Clothing
	Cadmium red
	Scarlet

	 Face
	Zinc white
	Zinc white

	 The white part of the building
	Titanium white
	Zinc white

	 The yellow part of the building
	Lemon chrome
	Golden ochre

	 The green part
	Chromium hemitrioxide
	Green earth

	 The black part
	Abuser
	Abuser




[image: ]
Fig. 3a The drawing of the surface of the sample, b side view of sample A, c side view of sample B, and d position of defects in the samples (obtained by using computer-aided designs-CAD-software). In subfigures (b) and (c), the wood panels are shown in gray, the woven fibers in magenta, and the first and second plaster preparation layers are shown in blue and yellow, respectively


The material used for the samples has a great influence on both the absorption and diffusion of heat. Because the composition of mineral pigments used in fabrication process is complex, and many kinds of pigments are often mixed in the painting, this fact undoubtedly increases the difficulty of determining the specific thermal properties of materials during numerical simulation. Therefore, in the simulation process, only the main parameters of the components of the various pigments are selected to carry out the numerical simulations. The thermal parameters of the materials used in the software are summarized in Tables 2.Table 2The thermal parameters of the materials


	Material
	Emissivity
	Density[kg/m^3]
	Heat capacity[J/kg*K]
	Thermal Conductivity [W/m*K]

	(a) The relevant thermal parameters of pigments in sample A

	 Cadmium red
	0.93
	4258
	1490
	2.7

	 Chromium oxide
	0.92
	6500
	1700
	2.6

	 Titanium white
	0.91
	4260
	1041
	0.43

	 Lemon chrome yellow
	0.93
	3895
	1100
	2.1

	 Natural ochre
	0.93
	5240
	1010
	1.16

	 Ivory black
	0.96
	2100
	720
	151


	(b) The relevant parameters of pigments in sample B

	 Scarlet
	0.93
	1610
	920
	2.4

	 Green Earth
	0.92
	2800
	799
	3.5

	 Golden ochre
	0.94
	4500
	1010
	1.16

	 Zinc white
	0.95
	5606
	520
	29

	 Ivory black
	0.96
	2100
	720
	151






Methodology
Simulation setting
When heat flux is applied to the surface of the sample, it follows:[image: $$-{\varvec{n}}\cdot {\varvec{q}}={q}_{0}$$]

 (1)


where [image: $${\varvec{n}}$$] is the angular coefficient, which represents the ratio of radiation from the surface of the heat source to the surface of the sample; [image: $${\varvec{q}}$$] is the total amount of heat generated by the heat source;  [image: $${q}_{0}$$] is the power of heat flux per unit area on the surface of the sample, and the unit of [image: $${q}_{0}$$] is W/m2. During the first 0.02 s of the experiment, the two flashlights, which act as the heat source, provided 12,800 J. After the sample is heated, it transfers heat to the surrounding environment in the form of radiation. The value of heat given off by the sample in this radiative manner follows:[image: $${q}_{0}=\frac{E\cdot \eta \cdot \varepsilon }{t\cdot s}\cdot \alpha$$]

 (2)


where [image: $$E$$] is the total heat generated by the flash lamps in a pulse time,  [image: $$\eta$$] is the thermal efficiency of the flashes, [image: $$\varepsilon$$] is the emissivity of the materials, [image: $$\alpha$$] is the heat loss coefficient of thermal radiation, [image: $$t$$] is the duration of the flashlight heating pulse, and [image: $$s$$] is the area of the sample that can absorb the radiant part of thermal energy.
In addition, a surface-to-ambient radiation component was added, to account for the energy radiated from the sample to the environment, after the heating process. The process of radiation from the sample surface to the environment follows:[image: $$-{\varvec{n}}\cdot {\varvec{q}}= \varepsilon \sigma ({T}_{\mathrm{amb}}^{4}-{T}^{4})$$]

 (3)


where [image: $$\varepsilon$$] is the surface emissivity of the material of sample surface, of which the value depends upon the different pigments, as shown in Table 2; [image: $$\sigma$$] is the Stefan–Boltzmann constant; [image: $${T}_{\mathrm{amb}}$$] is the ambient temperature; and [image: $$T$$] is the temperature of the sample surface.
After calculation, the thermal flux value of the first study should be set to [image: $$6.0\times {10}^{5}$$] W/m2. The function setting of heat flux in the numerical simulation is reported in Table 3. In the numerical simulation, this process was implemented as a piecewise function denoted as P(t). The flow chart of numerical simulation is shown in Fig. 4.Table 3The setting of the heat flux in the numerical simulation


	Case studies
	Function
	Independent variable [s]
	Dependent variable [W/m^2]

	Setting the heat source function of sample A

	 Sample A
	P(t)
	0–0.02
	600000

	 	 	0.02–10
	0


	Setting the heat source function of sample B

	 Sample B
	P(t)
	0–0.02
	600000

	 	 	0.02–10
	0



[image: ]
Fig. 4The flowchart of the IRT experiment conducted in this work



Experimental setup
Using the active IRT approach, the thermal front can reach the sample and then diffuse inside, and thus the thermal effects due to the artificial defects could be captured by the IR detector. Each sample was heated by two flash lamps for 2 ms, each with a power of 6400 J. The diameter of the lamp holder is approximately 200 mm, whereas the position of the lamp holder was placed approximately 300 mm away from the sample surface. The schematics and the photo of the experimental setup are depicted in Fig. 5.[image: ]
Fig. 5a The schematic configuration, and b the photograph of the experimental set-up


A mid-wave infrared camera (Flir X8501sc, 1280 × 1024 pixels, InSb detector, 3–5 µm) was used to record the temperature profile of the sample surface, and the acquisition frame rate was set to 50 Hz for 10 s. The MATLAB 2022a software was used for subsequent processing of the experimental data.

The total-variation regularized low-rank tensor decomposition denosing system.
In [26–29], a thermographic image restoration technique based on tensor decomposition was used to reduce various types of noises contained in the experimental images. Tucker decomposition has been used in the denoising of thermographic images in [30]. In particular, it was used to describe the global correlation between each band in the non-noisy part of the thermographic image. A method of total variation regularization was used in [31, 32], whereas in [33, 34] an anisotropic spatial-spectral total variation regularization was used to represent the piecewise smoothness between the spatial domain and the spectral domain. In this study, sections of the thermographic images contain noise are subjected to [image: $${l}_{1}$$]-norm regularization, as to detect sparse noise of the image. More specifically, the noise is fitted to the piecewise smoothness curve between the spatial domain and the spectral domain obtained by regularizing the spatial–spectral total variation through the noise-free region. Thus, noise can only be partially removed, which calls upon the need for further image processing. In particular, because the underlying optimization problem (see below) is non-convex, the augmented Lagrange multiplier method was used to solve the optimization.
Define a three-order tensor [image: $$y$$]: = {[image: $${Y}^{1},{Y}^{2},{Y}^{3},\dots , {Y}^{B}$$]}, where [image: $${Y}^{i}\in {R}^{H\times W} \left(i=\mathrm{1,2},3,\dots ,B\right)$$] represents the [image: $$i$$]th frame of thermographic sequence, which was obtained by the experiment; [image: $$B$$] is the number of frames; whereas [image: $$H$$] and [image: $$W$$] are the height and width of the image. The data obtained from the experiment can be regarded, from an image processing viewpoint, as a mixture of noiseless image and two types of noises, which may be written as:[image: $$y=X+N+S$$]

 (4)


where [image: $$X$$] is the noiseless image, [image: $$N$$] is a Gaussian noise term, and [image: $$S$$] represents the sparse noise. For the detailed meaning of each symbol, the reader is referred to [31].
In order to eliminate the influence of noise on the thermographic images, a total-variation regularized low-rank tensor decomposition (LRTDTV) model is used in the noise removal process. The objective function of LRTDTV model is as follows:[image: $$\begin{gathered} \mathop {\min }\limits_{{X,N,S}} \,\,\tau \left\| X \right\|_{{{\text{SSTV}}}} {\mkern 1mu} + {\mkern 1mu} \lambda {\mkern 1mu} \left\| S \right\|_{1} {\mkern 1mu} + {\mkern 1mu} \beta \left\| N \right\|_{F}^{2} \hfill \\ {\text{s}}{\text{.}}\,{\text{t}}.\,y\, = {\mkern 1mu} \,X + N + S \hfill \\ X\, = {\mkern 1mu} \,C \times _{1} U_{1} \times _{2} U_{2} \times _{3} U_{3} \hfill \\ U_{i}^{T} \, = {\mkern 1mu} \,I{\mkern 1mu} \quad (i = {\mkern 1mu} 1,{\mkern 1mu} 2,{\mkern 1mu} 3) \hfill \\ \end{gathered}$$]

 (5)


where [image: $$\tau , \lambda$$] and [image: $$\beta$$] are the regularization parameters. The [image: $$C{\times }_{1}{U}_{1}{\times }_{2}{U}_{2}{\times }_{3}{U}_{3}$$] refers to the Tucker decomposition with core tensor [image: $$C$$] and factor matrices [image: $${U}_{i}$$]’s of rank [image: $${r}_{i}$$]’s. [image: $${\Vert X\Vert }_{\mathrm{SSTV}}$$] is the anisotropic Frobenius norm term, which takes advantages of the spatial–spectral continuity of thermographic images. The expressions of [image: $${\Vert X\Vert }_{\mathrm{SSTV}}$$] is:[image: $$\begin{aligned} \left\| X \right\|_{{{\text{SSTV}}}} = &amp; \mathop \sum \limits_{i,j,k} \omega_{1} \left| {x_{i,j,k} - x_{i,j,k - 1} } \right| + \omega_{2} \left| {x_{i,j,k} } \right| + \\ - &amp; x_{i,j - 1,k} \omega_{3} \left| {x_{i,j,k} - x_{i - 1,j,k} } \right| \\ \end{aligned}$$]

 (6)


where [image: $${x}_{i,j,k}$$] is the [image: $${\left(i,j,k\right)}^{\mathrm{th}}$$] entry of [image: $$X$$]; [image: $${\omega }_{j} (j=\mathrm{1,2},3)$$] is the weight along the [image: $${j}^{\mathrm{th}}$$] mode of [image: $$X$$] that controls its regularization strength; and k represents the dimension of the thermographic image data. More specifically, this statement acknowledges that Problem (6) is a non-convex optimization problem because of the non-convex nature of Tucker decomposition. To address this, the proposal is to utilize the augmented Lagrange multiplier (ALM) method, which is a well-known optimization technique for dealing with non-convex problems. The next subsection demonstrates how ALM is able to help find a good local solution to this optimization challenge.

Optimization procedure
By introducing some additional auxiliary variables, one can reformulate Problem (6) into an equivalent minimization problem. This reformulation could facilitate finding an alternative representation of the original optimization problem while maintaining its equivalence and providing potential benefits for optimization techniques. The reformulation is:[image: $$\begin{gathered} \mathop {\min }\limits_{{{C},{U}_{{i}} ,{X},{\mathcal{F}},S,N}} {\uptau }\left\| {\mathcal{F}} \right\|_{1} + {\uplambda }\left\| {S} \right\|_{1} + {\upbeta }\left\| {N} \right\|_{{F}}^{2} \hfill \\ \text{s.t.} \,{y} = {X} + {S} + {N},\,{X} = {\text{Z,}}\, {D}_{{\omega }} \left( {Z} \right) = {\mathcal{F}},\, \hfill \\ {X} = {C} \times_{1} {U}_{1} \times_{2} {U}_{2} \times_{3} {U}_{3} , {U}_{i}^{{\text{T}}} {U}_{i} = {I} \hfill \\ \end{gathered}$$]

 (7)


where [image: $${D}_{\omega }\left(\cdot \right)=[{\omega }_{1}\times {D}_{h}\left(\cdot \right){;\omega }_{2}\times {D}_{v}\left(\cdot \right){;\omega }_{3}\times {D}_{t}\left(\cdot \right)]$$] is the so-called weighted three-dimensional difference operator, and Dh, Dv, Dt are the first-order difference operators respect to three different directions. Based on the ALM methodology, Problem (8) can be transformed into minimizing the following augmented Lagrangian function:[image: $$\begin{gathered} L\left( {X,S,N,Z,{\mathcal{F}},\Gamma_{1} ,\Gamma_{2} ,\Gamma_{3} } \right) \hfill \\ = \tau \left\| {\mathcal{F}} \right\|_{1} + \lambda \left\| S \right\|_{1} + \beta \left\| N \right\|_{F}^{2} \left\langle {\Gamma_{1} ,{\text{ y}} - X - S - N} \right\rangle + \left\langle {\Gamma_{2} ,X - Z} \right\rangle \hfill \\ + \left\langle {\Gamma_{3} ,D_{\omega } \left( Z \right) - {\mathcal{F}}} \right\rangle + \frac{\mu }{2}\left( {\left\| {y - X - N} \right\|_{F}^{2} } \right. \hfill \\ \left. { + \left\| {X - Z} \right\|_{F}^{2} + \left\| {D_{\omega } \left( Z \right) - {\mathcal{F}}} \right\|_{F}^{2} } \right) \hfill \\ \end{gathered}$$]

 (8)



Under the constraints [image: $$X=C{\times }_{1}{U}_{1}{\times }_{2}{U}_{2}{\times }_{3}{U}_{3}$$],and [image: $${{U}_{i}}^{T}{U}_{i}=I$$], where [image: $$\mu$$] is the penalty parameter, and [image: $${\Gamma }_{i} (i=\mathrm{1,2},3)$$] are the Lagrange multipliers. Therefore, during the optimization process, one can employ an alternative approach to optimize the augmented Lagrangian function (9) by updating one variable at a time while keeping the others fixed. In the iteration, the variables related to Problem (6) can be updated using the procedure outlined below. This iterative process could efficiently solve the optimization problem by updating variables in a stepwise manner while considering the constraints introduced by ALM.	(1)
 Update [image: $$C$$], [image: $${U}_{i}$$], [image: $$X$$]: Extracting all terms containing [image: $$X$$] from the augmented Lagrangian function (9), one needs to solve:


 



[image: $$\begin{gathered} \mathop {\text{min}}\limits_{{\begin{array}{*{20}c} {U_{i}^{T} U_{i} = I} \\ {X = C \times_{1} U_{1} \times_{2} U_{2} \times_{3} U_{3} } \\ \end{array} }} \left\langle {\Gamma_{1}^{\left( k \right)} ,y - X - S^{\left( k \right)} - N^{\left( k \right)} } \right\rangle \hfill \\ + \,\left\langle {\Gamma_{2}^{\left( k \right)} ,X - Z^{\left( k \right)} } \right\rangle \hfill \\ + \frac{\mu }{2}\left( {\left\| {y - X - S^{\left( k \right)} - N^{\left( k \right)} } \right\|_{F}^{2} + \left\| {X - Z^{\left( k \right)} } \right\|_{F}^{2} } \right) \hfill \\ \end{gathered}$$]

 (9)



This problem can be readily converted into the following equivalent formulation:[image: $$\begin{gathered} \mathop {\min }\limits_{{U_{i}^{T} U_{i} }} { }\left\| {\mu C \times_{1} U_{1} \times_{2} U_{2} \times_{3} U_{3} - \frac{1}{2}\left( {y - S^{\left( k \right)} } \right.} \right. \hfill \\ \left. {\left. { - N^{\left( k \right)} + Z^{\left( k \right)} + \left( {\Gamma_{1}^{\left( k \right)} - \Gamma_{2}^{\left( k \right)} } \right)/\mu } \right)} \right\|_{F}^{2} \hfill \\ \end{gathered}$$]

 (10)



By using the classic higher-order orthogonal iteration algorithm, [image: $${C}^{(k+1)}$$] and [image: $${U}_{i}^{(k+1)} (i=\mathrm{1,2},3)$$] can be easily obtained, such that [image: $$X$$] can be updated as follows:[image: $${X}^{\left(k+1\right)}={C}^{\left(k+1\right)}{\times }_{1}{U}_{1}^{\left(k+1\right)}{\times }_{2}{U}_{2}^{\left(k+1\right)}{\times }_{3}{U}_{3}^{\left(k+1\right)}$$]

 (11)


	(2)
 Update [image: $$Z$$]: By extracting all the terms containing [image: $$Z$$] from the augmented Lagrangian function (9), one can derive:


 



[image: $$\begin{aligned} Z^{k + 1} = &amp; \mathop {\text{argmin}}\limits_{Z} \left\langle {\Gamma_{2}^{\left( k \right)} ,X^{{\left( {k + 1} \right)}} - Z} \right\rangle \\ + &amp; \left\langle {\Gamma_{3}^{\left( k \right)} ,D_{\omega } \left( Z \right) - {\mathcal{F}}^{\left( k \right)} } \right\rangle \\ + &amp; \frac{\mu }{2}\left( {\left\| {X^{{\left( {k + 1} \right)}} - Z} \right\|_{F}^{2} + \left\| {D_{\omega } \left( Z \right) - {\mathcal{F}}} \right\|_{F}^{2} } \right) \\ \end{aligned}$$]

 (12)



The optimization of this problem can be translated as solving the linear system: [image: $$\begin{aligned} \left( {\mu I + \mu D_\omega ^*{D_\omega }} \right)Z =\, &amp; \mu {X^{\left( {k + 1} \right)}} \\ + \, &amp; \mu D_\omega ^*\left( {{\mathcal{F}^{\left( k \right)}}} \right) \\ + &amp; \,\Gamma _2^{\left( k \right)} - D_\omega ^*\left( {\Gamma _3^{\left( k \right)}} \right) \\ \end{aligned}$$]

 (13)


where [image: $${\mathrm{D}}_{\upomega }^{*}$$] represents the adjoint operator of [image: $${D}_{\omega }$$]. Since the block cyclic structure of the matrix corresponding to the operator [image: $${D}_{\omega }^{*}{D}_{\omega }$$], it can be diagonalized with a three-dimensional matrix. Therefore, can be deduced:[image: $$\left\{\begin{array}{c}H_Z=\mu {X}^{\left(k+1\right)}+\mu {X}_{\omega }^{*}\left({\mathcal{F}}^{\left(k\right)}\right)+{\Gamma }_{2}^{\left(k\right)}-{D}_{\omega }^{*}\left({\Gamma }_{3}^{\left(k\right)}\right)\\ {T}_{Z}={\omega }_{1}^{2}{\left|\mathrm{fftn}\left({D}_{h}\right)\right|}^{2}+{\omega }_{2}^{2}{\left|\mathrm{fftn}\left({D}_{v}\right)\right|}^{2}+{\omega }_{3}^{2}{\left|\mathrm{fftn}\left({D}_{t}\right)\right|}^{2} \\ {Z}^{\left(\mathrm{k}+1\right)}=\mathrm{ifftn}\left(\frac{\mathrm{fftn}\left({H}_Z\right)}{{\mu }_{1}+{\mu }_{{T}_{Z}}}\right)\end{array}\right.$$]

 (14)


where fftn and ifftn represent fast three-dimensional Fourier transform and its inverse transform respectively, [image: $${\left|\cdot \right|}^{2}$$] is the element-wise square, and the division is based on element- wise.	(3)
 Update [image: $$\mathcal{F}$$]: Extracting all terms containing [image: $$\mathcal{F}$$] from function (9), one can get:


 



[image: $$\begin{aligned} {\mathcal{F}}^{{\left( {k + 1} \right)}} = &amp; \mathop {\text{argmin}}\limits_{{\mathcal{F}}} { }\tau \left\| {\mathcal{F}} \right\|_{1} \\ + &amp; \left\langle {\Gamma_{3}^{\left( k \right)} ,D_{\omega } \left( {Z^{{\left( {k + 1} \right)}} } \right) - {\mathcal{F}}} \right\rangle \, + \,\frac{\mu }{2}\left\| {D_{\omega } \left( {Z^{{\left( {k + 1} \right)}} } \right) - {\mathcal{F}}} \right\|_{F}^{2} \\ = &amp; \mathop {\text{argmin} }\limits_{{\mathcal{F}}} \tau \left\| {\mathcal{F}} \right\|_{1} + \frac{\mu }{2}\left\| {{\mathcal{F}} - \left( {D_{\omega } \left( {Z^{{\left( {k + 1} \right)}} } \right) + \frac{{M_{3}^{\left( k \right)} }}{\mu }} \right)} \right\|_{F}^{2} \\ \end{aligned}$$]

 (15)



By incorporating the soft-thresholding operator, a widely used mathematical tool in signal processing and optimization, one can address the non-convex nature of the problem. This operator aids in controlling the regularization strength of the optimization process and facilitates the derivation of more desirable local solutions.[image: $${\text{R}}_{\Delta } \left( {\text{x}} \right)\left\{ {\begin{array}{*{20}c} {x - \Delta {\mkern 1mu} \quad } &amp; {if{\mkern 1mu} x &gt; \Delta } \\ {x + \Delta \quad {\mkern 1mu} } &amp; {if{\mkern 1mu} x\, &lt; \,\Delta } \\ {0{\mkern 1mu} } &amp; \text{otherwise} \\ \end{array} } \right.$$]

 (16)


where [image: $$x\in R$$] and [image: $$\Delta &gt;0$$], then [image: $${\mathcal{F}}^{\left(k+1\right)}$$] can be updated as:[image: $${\mathcal{F}}^{k+1}={R}_{\frac{\tau }{\mu }}\left({D}_{\omega }\left({Z}^{\left(k+1\right)}\right)+\frac{{\Gamma }_{3}^{\left(k\right)}}{\mu }\right)$$]

 (17)


	(4)
 Update [image: $$S$$]: Similarly, one may consider:


 



[image: $$\begin{aligned} {S^{\left( {k + 1} \right)}} = &amp; \mathop {\text{argmin}}\limits_S \lambda {\left\| S \right\|_1} + \left\langle {\Gamma _1^{\left( k \right)},y - {X^{\left( {k + 1} \right)}} - S - {N^{\left( k \right)}}} \right\rangle \\ + &amp; \frac{\mu }{2}\left\| {y - {X^{\left( {k + 1} \right)}} - S - {N^{\left( k \right)}}} \right\|_F^2 \\ = &amp; \mathop {\text{argmin}}\limits_S \lambda {\left\| S \right\|_1} \\ + &amp; \frac{\mu }{2}\left\| {S - \left( {y - {X^{\left( {k + 1} \right)}} - {N^{\left( k \right)}} + \frac{{\Gamma _1^{\left( k \right)}}}{\mu }} \right)} \right\|_F^2 \\ \end{aligned}$$]

 (18)



By leveraging the previously introduced soft-thresholding operator, the solution to the above problem can be expressed in a more tractable and efficient manner, which is:[image: $$S^{(k+1)} \, = \,R_{{\frac{\lambda }{\mu }}} \left( {y - X^{{(k + 1)}} - N^{(k)} + \frac{{{\text{M}}_{1}^{(k)} }}{\mu }} \right)$$]

 (19)


	(5)
 Update [image: $$N$$]: By isolating the terms involving variable [image: $$N$$] in the augmented Lagrangian function (9), one obtains a more concise and focused representation, allowing for a more efficient and targeted optimization approach for handling [image: $$N$$], indicated as:


 



[image: $$\begin{aligned} N^{(k + 1)} \, = &amp; \,\mathop {\text{argmin}}\limits_{N} \,\beta \left\| N \right\|_{F}^{2} \\ + &amp; \,\,\left\langle {\Gamma_{1}^{\left( k \right)} ,y - X^{{\left( {k + 1} \right)}} - S^{{\left( {k + 1} \right)}} - N} \right\rangle \\ \, + &amp; \,\frac{\mu }{2}\left\| {y - X^{{\left( {k + 1} \right)}} - S^{{\left( {k + 1} \right)}} - N} \right\|_{F}^{2} \\ = \, &amp; \mathop {\text{argmin}}\limits_{N} \,\left( {\beta + \frac{\mu }{2}} \right)\left\| {N - \frac{{\mu \left( {y - X^{{\left( {k + 1} \right)}} - S^{{\left( {k + 1} \right)}} } \right) + \Gamma_{1}^{\left( k \right)} }}{\mu + 2\beta }} \right\|_{F}^{2} \\ \end{aligned}$$]

 (20)



By performing straightforward calculations, the solution for the variable can be obtained as follows:[image: $${N}^{k+1}=\frac{\mu \left(y-{X}^{\left(k+1\right)}-{S}^{\left(k+1\right)}\right)+{M}_{1}^{\left(k\right)}}{\mu +2\beta }$$]

 (21)


	(6)
 Updating the multipliers: In the ALM method, the multipliers are updated iteratively using specific equations, which are part of the optimization process to solve the given problem, be expressed as follows:[image: $$\left\{\begin{array}{c}{\Gamma }_{1}^{\left(k+1\right)}={\Gamma }_{1}^{\left(k\right)}+\mu \left(y-X^{\left(k+1\right)}-S^{\left(k+1\right)}-N^{\left(k+1\right)}\right)\\ {\Gamma }_{2}^{\left(k+1\right)}={\Gamma }_{2}^{\left(k\right)}+\mu \left(X^{\left(k+1\right)}-Z^{\left(k+1\right)}\right)\\ {\Gamma }_{3}^{\left(k+1\right)}={\Gamma }_{3}^{\left(k\right)}+\mu \left({D}_{\omega }\left({Z}^{\left(k+1\right)}\right)-{\mathcal{F}}^{\left(k+1\right)}\right)\end{array}\right.$$]

 (22)




 




In summary, an ALM-based method has been developed to solve the proposed LRTDTV model, cf. Problem (6); this procedure is outlined in Algorithm 1. The solver takes in as inputs the noisy image [image: $$y\in {R}^{M\times N\times p}$$], desired rank [image: $$[{r}_{1},{r}_{2},{r}_{3}]$$] for Tucker decomposition, the stopping criteria, and the regularized parameters [image: $$\tau$$], [image: $$\lambda$$] and [image: $$\beta$$]. Due to the inherent proportional relationship among these three parameters, one can simply set [image: $$\tau =1$$] and then tune [image: $$\lambda$$] and [image: $$\beta$$]. For another important parameter [image: $$u$$], it is first initialized as [image: $$u=1{0}^{-2}$$] and then updated via [image: $$u=\mathrm{min}(\rho u,{u}_{\mathrm{max}})$$] in each iteration. The approach of adaptively determining the variable [image: $$u$$] has been commonly employed in ALM-based methods, effectively promoting the convergence of the algorithm.
[image: ]
By capturing the spatial and spectral information of the thermographic images, this method is able to eliminate the noise contained in the images. Firstly, Tucker decomposition of thermographic images was carried out by using the continuity of all pixels in the spectral domain and the correlation between the spatial domain and spectral domain. The [image: $${l}_{1}$$] regularization has been used to detect the noise term. If the noise has been detected by the [image: $${l}_{1}$$] regularization system, the above-mentioned spatial–spectral total variation regularization system is used to characterize the piecewise smooth structure between the spatial domain and the spectral domain, so as to help remove Gaussian noise mixed in the image. In addition, some heavy Gaussian noises were further removed by the Frobenius norm term.
After the LRTDTV denoise processing, a Fourier transform was performed to further improve the contrast and clarity of the image. The specific details of the algorithm are more described in the study of Wang Y [34], to whom the readers are referred.


Result and discussion
In this section, the results are displayed, alongside thorough analyses on the efficacy of the proposed method. Two types of analyses are made, namely, visual judgment and quantitative assessment, which are depicted in the following two subsections.
Visual judgment
The results of numerical simulations are shown in Fig. 6. For sample A, a large portion of IR waves was reflected during the heating process due to the low emissivity value of gold leaf, making it difficult to detect the structure beneath. On the contrary, because the halo of sample B was painted with mineral pigments with high emissivity value, this phenomenon does not occur.[image: ]
Fig. 6Simulation results for: a sample A and b sample B


In Fig. 6, defects 3 can be clearly observed. In the simulation models, defect 3 is located 65 mm from the y-axis and 55 mm from the x-axis. The location of defect 3 detected by numerical simulation is consistent with that introduced in the actual sample.
Figure 7 shows the thermal images collected by the infrared camera, and processed using different algorithms. Figure 7a and d correspond to the raw images of the two samples, whereas Fig. 7c and f are the final images obtained by applying LRTDTV noise reduction and Fourier transform. To benchmark the proposed method, Fig. 7b and e show the images that undergo a Fourier transform, but without applying the LRTDTV model.[image: ]
Fig. 7IRT experimental results: a the raw image of sample A, b the image of sample A after Fourier transform, c the image of sample A after LRTDTV de-noise and Fourier transform, d the raw image of sample B, e the image of sample B after Fourier transform, and f the image sample B after LRTDTV de-noise and Fourier transform


By directly eyeballing the raw images shown in Fig. 7a and d, it is difficult to notice any defect. Figure 7b and e, on the other hand, show the images processed by Fourier transform. It can be found that most of the Gaussian noise in the images can be removed, and the position of defect 3 can be seen vaguely. As such, performing an LRTDTV denoising on the raw images followed by a Fourier transform is thought beneficial. The images processed by the LRTDTV model and Fourier transform, which leads to further improvements in the contrast and sharpness of the images, are shown in Fig. 7c and f.
It can be seen from Fig. 7c that the temperature of the angel halo contrasts that of the sound area, which is due to the presence of gold foil, and the maximum temperature difference reaches 0.8°C. However, this phenomenon does not exist on the surface of sample B, see Fig. 7f, which is consistent with the results obtained by numerical simulation. Similarly, the positions of defect 3 in Fig. 7c and f are consistent with the predicted ones shown in Fig. 6a and b.

Quantitative assessment
In this work, quantitative assessments are performed for two purposes, one is to check whether the simulation results are consistent with the experimental outcome, and the other is to check whether the proposed method is able to enhance the defect detection.
Comparison between the simulated and experimental data
For an objective assessment of the similarity between simulated and experimental images, a total of three metrics, namely, structural similarity (SSIM), peak signal to noise ratio (PSNR), and Erreur Relative Globale Adimensionnelle de Synthèse (ERGAS), which are able to quantify the degree of similarity between the two image sets, are employed. Their computation methods are detailed below:
SSIM, which is an index to measure the similarity of two pictures, is computed as:[image: $$\mathrm{SSIM}=\frac{(2{\mu }_{x}{\mu }_{y}+{C}_{1})(2{\sigma }_{xy}+{C}_{2})}{({\mu }_{x}^{2}{+\mu }_{y}^{2}+{C}_{1})({\sigma }_{x}^{2}+{\sigma }_{y}^{2}+{C}_{2})}$$]

 (23)


where [image: $${\mu }_{x}$$] and [image: $${\mu }_{y}$$] are the brightness values along the horizontal and vertical directions of the gray-level average image, respectively; [image: $${\sigma }_{x}$$] and [image: $${\sigma }_{y}$$] are the standard deviations of the horizontal and vertical directions of the gray-level average image, respectively, representing the contrast of the image; and [image: $${C}_{1},{C}_{2},{C}_{3}$$] are positive constants [35].
PSNR, which a full-reference image quality evaluation index, is calculated as follows[image: $$\mathrm{PSNR}=10{\mathrm{log}}_{10}\,\left(\frac{{2}^{n}-1}{\mathrm{MSE}}\right)$$]

 (24)


where MSE stands for “mean square error,” which is given as:[image: $$\mathrm{MSE}=\frac{1}{H\times W}\sum_{i=1}^{H}\sum_{j=1}^{W}{\left[X\left(i,j\right)-Y\left(i,j\right)\right]}^{2}$$]

 (25)


where [image: $$H$$] and [image: $$W$$] are the height and width of the image respectively; [image: $$n$$] is the number of bits per pixel, which is generally 8, which means that the pixel gray level is 256. The unit of PSNR is dB, the larger the value, the smaller the distortion.
ERGAS, which stands for “square root of average relative global error,” is another indicator used to assess image quality. This measure is computed as:[image: $$\mathrm{ERGAS}=\left(\frac{1}{p}\right)\times \sqrt{\sum_{i=1}^{p}\frac{{\mathrm{RMSE}\left(i\right)}^{2}}{{\mu \left(i\right)}^{2}}}$$]

 (26)


where [image: $$p$$] is the number of bands, [image: $$\mathrm{RMSE}\left(i\right)$$] is the root-mean-square error of the [image: $${i}^\text{th}$$] band, and [image: $$\mu \left(i\right)$$] is the mean of the [image: $${i}^\text{th}$$] band. The smaller the value of the ERGAS value is, the better the image quality is said to be.
The raw images and the images after LRTDTV denoising and Fourier transform are used as X and Y, respectively in Eqs. (24)–(27). The quantitative assessment values are shown in Table 4.Table 4The quantitative assessment values for the simulated and experimental images


	 	SSIM
	PSNR
	ERGAS

	Simulation for sample_A
	0.95
	49.91
	26.31

	Experiment for sample_A
	0.88
	46.19
	29.24

	Simulation for sample_B
	0.83
	22.02
	25.01

	Experiment for sample_B
	0.78
	22.02
	25.01




In Fig. 8, it can be concluded that the simulated and experimental data show similar trends. The quantitative comparison can confirm the simulations as a reliable guide to the experiments.[image: ]
Fig. 8Comparison of simulation and experimental data using: a SSIM, b PSNR, and c ERGAS



Quantitative assessment of the efficacy of the proposed method
Table 5 shows the SSIM values of defect 3. It can be concluded that the SSIM values are significantly reduced applying LRTDTV denoising and Fourier transform, which indicates that the contrast of defect 3 is enhanced correspondingly.Table 5The SSIM between defect 3 and its sound area, before and after applying the proposed processing method


	Position
	Raw image of sample A
	Processed image of sample A
	Raw image of sample B
	Processed image of sample B

	Defect 3
	0.65
	0.64
	0.66
	0.35




For the purpose of comparison, Michelson contrast (MC), histogram flatness measure (HFM) and histogram spread (HS) are also used in this work. These metrics are used to evaluate the contrast between the defective regions of the image and the sound area.
MC is defined as:[image: $$\mathrm{MC}=\frac{{\mathrm{I}}_{\mathrm{max}}-{\mathrm{I}}_{\mathrm{min}}}{{\mathrm{I}}_{\mathrm{max}}+{\mathrm{I}}_{\mathrm{min}}}$$]

 (27)


where [image: $${\mathrm{I}}_{\mathrm{max}}$$] and [image: $${\mathrm{I}}_{\mathrm{min}}$$] are the largest and smallest pixel values of the selected area in the image respectively. [image: $$\mathrm{I}$$] denotes the pixel value of the selected area. The range of the MC is [0,1]. More specifically, when the gray scales of the brightest and darkest pixels of an image are both 128, the image has no contrast, i.e., [image: $$\mathrm{MC}$$]=0. When the gray scale of the brightest pixel is 255 and that of the darkest pixel is 0, the image contrast is the highest, i.e., [image: $$\mathrm{MC}$$]=1.
HFM is defined as the ratio between the geometric and the arithmetic means of the histogram values [36], denoted as [image: $$h\left(x\right)$$]. It can provide the insights into the image's overall contrast and tonal distribution characteristics. It aids in assessing the degree of balance in pixel intensity representation, contributing to improved image analysis and interpretation. It is defined as:[image: $$\begin{aligned} {\text{HFM}} = &amp; \frac{{G.M.{\text{ of histogram count}}}}{{A.M.{\text{ of histogram count}}}} \\ = &amp; \frac{{\left( {\mathop \prod \nolimits_{i = 1}^{n} x_{i} } \right)^{\frac{1}{n}} }}{{\frac{1}{n}\mathop \sum \nolimits_{i = 1}^{n} x_{i} }} \\ \end{aligned}$$]

 (28)


where [image: $${x}_{i}$$] represents the count of pixel intensities in the ith histogram partition, [image: $$i$$] represents the [image: $${i}^{\text{th}}$$] histogram partition, and [image: $$n$$] represents the total number of histogram partitions.
As a basic feature, the geometric mean of a dataset is always less than or equal to its arithmetic mean, resulting in HFM values in the range [0, 1]. A higher HFM value indicates a more uniform intensity distribution across the image, while a lower HFM value indicates a less uniform pixel intensity distribution.
HS is a valuable measure for analyzing the spread and contrast characteristics of digital images based on their histogram characteristics. It can be used to distinguish images with different contrast and intensity distributions. It is calculated as the ratio of the interquartile range to the histogram range. HS can be defined as:[image: $$\begin{aligned} {\text{HS}} = \,&amp; \frac{{\text{Quartile range of histogram}}}{{\text{Range of pixel values}}} \\ =\, &amp; \frac{{\left( {3^{{{\text{rd}}}} {\text{ quartile}} - 1^{{{\text{st}}}} {\text{ quartile}}} \right){\text{ of histogram}}}}{{\left( {{\text{max}} - {\text{min}}} \right){\text{ of the pixel value range}}}} \\ \end{aligned}$$]

 (29)


where the [image: $$\mathrm{Quartile range}$$] in the numerator represents the difference between the [image: $${3}^{\mathrm{rd}}$$] quartile (corresponding to the histogram partition where 75% of the cumulative histogram maximum is located) and the [image: $${1}^{\mathrm{st}}$$] quartile (corresponding to the histogram partition where 25% of the cumulative histogram maximum is located). The range in the denominator is the difference between the maximum and minimum intensity possible for the image (e.g., for an 8-bit image, the minimum intensity is 0 and the maximum intensity is 255). For images with multimodal histograms, the HS value is in the range (0, 1). The HS value gives an idea about the contrast characteristics of the image. Images with low contrast, with narrow histograms and high peaks, tend to have low HS values, while images with high contrast, with wide and flat histograms, have high HS values.
The histogram counts, quartiles, and pixel ranges are used to calculate the difference between the [image: $${3}^{\mathrm{rd}}$$] quartile and the 1st quartile in Fig. 7. The computational results are shown in Fig. 9:[image: ]
Fig. 9Cumulative histogram curves for: a defect 3 in the raw image of sample A, b sound area in the raw image of sample A, c defect 3 in the image of sample A after applying LRTDTV denoising and Fourier transform, d sound area in the raw image of sample A after applying LRTDTV denoising and Fourier transform, e defect 3 in the raw image of sample B, f sound area in the raw image of sample B, g defect 3 in the image of sample B after applying LRTDTV denoising and Fourier transform, h sound area in the raw image of sample B after applying LRTDTV denoising and Fourier transform


Table 6 shows the computational values. After applying LRTDTV denoising and Fourier transform for sample A, the MC values decrease and the HFM and HS values increase. This indicates that the image of sample A becomes blurred, but the range of pixel intensity is expanded and more uniform. The values of MC, HFM and HS for the difference between defect 3 and sound area increase, which makes defect 3 more clearly detected in sample A.Table 6Computational values of defect 3


	 	Defect 3
	sound area

	MC of raw image of sample A:
	0.45
	0.46

	MC of processed image of sample A:
	0.27
	0.34

	HFM of raw image of sample A:
	3.76 [image: $$\times$$] 10–7
	2.51 [image: $$\times$$] 10–7

	HFM of processed image of sample A:
	2.96 [image: $$\times$$] 10–6
	1.18 [image: $$\times$$] 10–6

	HS of raw image of sample A:
	0.06
	0.08

	HS of processed image of sample A:
	0.09
	0.04

	MC of raw image of sample B:
	0.08
	0.05

	MC of processed image of sample B:
	0.23
	0.21

	HFM of raw image of sample B:
	4.98 [image: $$\times$$] 10–7
	5.31 [image: $$\times$$] 10–7

	HFM of processed image of sample B:
	1.84 [image: $$\times$$] 10–6
	3.97 [image: $$\times$$] 10–6

	HS of raw image of sample B:
	0.06
	0.05

	HS of processed image of sample B:
	0.04
	0.06




For sample B after processing, the HS values decrease and the HFM and MC values increase. This indicates that the image becomes clearer after applying LRTDTV denoising and Fourier transform, but the range of pixel intensity is reduced. The values of MC, HFM, and HS for the difference between defect 3 and sound area increase, which leads to a more uneven distribution of defect 3 in the histogram Therefore, it is easier to be detected in Sample B.
These findings indicate that the proposed processing method enhances the image contrast, and thus improve the capability of defect detection. On the other hand, it also leads to more uneven distribution of pixel intensity. These make some specific features more visual, and thus more objective.
In short, the proposed method, which combines numerical simulation, infrared thermal imaging, and image processing, can accurately detect defects located at both the surface and interior of ancient artworks, while protecting them to the greatest extent possible. Because of the steps of image processing, the clarity of thermal images can be improved, so that those damages and defects that are otherwise not easy noticeable can be detected.



Conclusion
This work deals with a polyptych painted by Pietro Lorenzetti in 1320. Two mock-up samples and the corresponding geometric models were made based on that polyptych. By using the geometric model of the sample, numerical simulation was established to simulate the experimental process and results. After numerical simulation, two samples were tested in a real experimental environment, and the actual surface temperature images of the two samples were collected. In order to identify the defects in the two samples, a LRTDTV denoising system was proposed, so as to reduce the noise and enhance the contrast of the infrared thermal images. Quantitative analysis was conducted to verify the performance of the proposed algorithm.
Some encouraging outcomes are found. First, it is found that the surface temperature obtained via numerical simulation has a good match to the experimental one. Secondly, the Gaussian noise in thermographic images can be effectively eliminated by the LRTDTV model. Through the observation of the experimental results after treatment, it is found that the defects in the samples can be detected easily by IRT without damaging the sample. Finally, through this approach, the difference between the thermal conductivity and the heat capacity at constant pressure of different materials can be used to detect the buried and unknown defects in artworks.

Acknowledgements
This work was supported by the Natural Sciences and Engineering Research Council (NSERC) Canada through the Discovery and CREATE ‘oN DuTy!’ program as well as the Canada Research Chair in Multipolar Infrared Vision (MiViM).

Author contributions
HZ conducted the experiments. XW analyzed the data. JH provided the algorithm. YW conducted the simulation. MM prepared the samples. GJ, XM, XL. QJ and HZ supervised the research. XW, YW and SS wrote the original manuscript. DY made important corrections and modifications to the textual description. JH, SS and HZ revised the manuscript.

Funding
Natural Sciences and Engineering Research Council of Canada: Create-oN DuTy! Canada Research Chairs: MiViM.

Availability of data and materials
Data and material are available at reasonable request.

Declarations
Ethics approval and consent to participate
Not applicable.

Consent for publication
Not applicable.

Competing interests
The authors have no competing interests as defined by Springer, or other interests that might be perceived to influence the results and/or discussion reported in this paper.


References
	1.
Mix PE. Introduction to nondestructive testing: a training guide. Hoboken: John Wiley & Sons; 2005.

	2.
Dwivedi S K, Vishwakarma M, Soni A. Advances and researches on non destructive testing: A review. 2018;5(2): 3690-98.

	3.
Altenbug SJ, Straße A, Gumenyuk A, Maierhofer C. In -situ monitoring of a laser metal deposition (LMD) process: comparison of MWIT, SWIR and high-speed NIR thermography. Quant Infrared Thermogr J. 2022;19(2):97–114.

	4.
Hu J, Zhang H, Sfarra S, Pivarciova E, Yao Y, Duan YX, Ibarra-Castanedo C, Tian GY, Maldague X. Autonomous dynamic line-scan continuous-wave terahertz non-destructive inspection system combined with unsupervised exposure fusion. Ndt E Int. 2022;132:102705.Crossref

	5.
Hu J, Zhang H, Sfarra S, Gargiulo G, Avdelidis NP, Zhang ML, Yang DZ, Maldague X. Non-destructive imaging of marqueteries based on a new infrared-terahertz fusion technique. Infrared Phys Technol. 2022;125:104277.Crossref

	6.
Orazi N. The study of artistic bronzes by infrared thermography: A review. J Cult Herit. 2020;42:280–9.Crossref

	7.
Yang X, Chen BC, Hu GB, Wang XY, Fang W, Zhang JA, Yuan TN, G K. Pulsed infrared thermographic study of a Chinese bronze lei. Herit Sci. 2022;10(1):152.Crossref

	8.
Vavilov VP, Bison PG, Burleigh DD. Ermanno Grinzato's contribution to infrared diagnostics and nondestructive testing: in memory of an outstanding researcher. Quant Infrared Thermogr J. 2023; https://​doi.​org/​10.​1080/​17686733.​2023.​2170647.Crossref

	9.
Melada J, Arosio P, Gargano M, Ludwig N. Automatic thermograms segmentation, preliminary insight into spilling drop test. Quant InfraRed Thermogr J. 2023; https://​doi.​org/​10.​1080/​17686733.​2023.​2213555.Crossref

	10.
Williams J, Corvaro F, Vignola J, Turo D, Marchetti B, Vitali M. Application of non-invasive active infrared thermography for delamination detection in fresco. Int J Thermal Sci. 2022;171:107–85.Crossref

	11.
Liu KX, Huang KL, Sfarra S, Yang JG, Liu Y, Yao Y. Factor analysis thermography for defect detection of panel paintings. Quant Infrared Thermogr J. 2023;20(1):25–37.Crossref

	12.
Zhang H, Sfarra S, Saluja K, Peeters J, Fleuret J, Duan Y, et al. Non-destructive investigation of paintings on canvas by continuous wave terahertz imaging and flash thermography. J Nondestr Eval. 2017;36(2):34.Crossref

	13.
Tao N, Wang CS, Zhang C, Sun J. Quantitative measurement of cast metal relics by pulsed thermal imaging. Quant Infrared Thermogr J. 2022;19(1):27–40.Crossref

	14.
Kavuru M, Rosina E. IR thermography for the restoration of colonial architecture in India-case study of the British residency in Hyderabad Telangana. J Cult Herit. 2021;48:24–8.Crossref

	15.
Liu Y, Wang F, Liu K, Mostacci M, Yao Y, Sfarra S. Deep convolutional autoencoder thermography for artwork defect detection. Quant Infrared Thermogr J. 2023; https://​doi.​org/​10.​1080/​17686733.​2023.​2225246.Crossref

	16.
Paoloni S, Orazi N, Zammit U, Bison P, Mercuri F. A note on the early thermographic approaches for the investigation of the cultural heritage. Quant Infrared Thermogr J. https://​doi.​org/​10.​1080/​17686733.​2023.​2243575.Crossref

	17.
Peeters J, Ibarra-Castanedo C, Khodayar F, Mokhtari Y, Sfarra S, Zhang H, Maldague X, Dirckx JJJ, Steenackers G. Optimised dynamic line scan thermographic detection of cfrp inserts using fe updating and POD analysis. NDT E Int. 2018;93:141–9.Crossref

	18.
Trofimov AA, Watkins TR, Muth TR, Cola GM, Wang H. Infrared thermometry in high temperature materials processing: influence of liquid water and steam. Quant Infrared Thermogr J. 2023;20(3):123–41.Crossref

	19.
Olbrycht R. A novel method for sensitivity modelling of optical gas imaging thermal cameras with warm filters. Quant Infrared Thermogr J. 2022;19(5):331–46.Crossref

	20.
Laureti S, Sfarra S, Malekmohammadi H, Burrascano P, Hutchins D A, Senni L, Silipigni G, Maldague X P V, Ricci M. The use of pulse-compression thermography for detecting defects in paintings. NDT & E International.2018;98 147–54.

	21.
Tavakolian P, Shokouhi EB, Sfarra S, Gargiulo G, Mandelis A. Non-destructive imaging of ancient marquetries using active thermography and photothermal coherence tomography. J Cult Herit. 2020;46:159–64.Crossref

	22.
Theodorakeas P, Avdelidis NP, Cheilakou E, Koui M. Quantitative analysis of plastered mosaics by means of active infrared thermography. Constr Build Mater. 2014;73:417–25.Crossref

	23.
Delobelle V, Louche H, Favier D. Numerical study on the effect of the paint layer used for infrared thermography on heat source estimation. Quant Infrared Thermogr J. 2014;11(2):233–49.Crossref

	24.
Davin T, Serio B, Guida G, Pina V. Spatial resolution optimization of a cooling-down thermal imaging method to reveal hidden academic frescoes. Int J Thermal Sci. 2017;112:188–98.Crossref

	25.
Sfarra S, Gaverina L, Pradere C, Sommier A, Batsale JC. Integration study among flying spot laser thermography and terahertz technique for the inspection of panel paintings. J Therm Anal Calorim. 2022;147(15):8279–87.Crossref

	26.
Cao WF, Wang Y, Sun J, Meng DY, Yang C, Cichocki A, Xu ZB. Total variation regularized tensor rpca for background subtraction from compressive measurements. IEEE Trans Image Process. 2016;25(9):4075–90.Crossref

	27.
Anima A, Prateek J, Yang S, UN N. Tensor vs. Matrix methods: Robust tensor decomposition under block sparse perturbations. Proceedings of the 19th International Conference on Artificial Intelligence and Statistics.2016;51:268–276.

	28.
He W, Zhang HY, Zhang LP, Shen HF. Hyperspectral image denoising via noise-adjusted iterative low-rank matrix approximation. IEEE J Selected Topics Appl Earth Obs Remote Sensing. 2015;8(6):3050–61.Crossref

	29.
Karami A, Yazdi M, Asli AZ. Noise reduction of hyperspectral images using kernel non-negative Tucker decomposition. IEEE Selected Topics Signal Process. 2011;5(3):487–93.Crossref

	30.
Kolda T G, Bader B W . Tensor decompositions and applications. 2009;51(3): 455-500.

	31.
Wu ZJ, Wang Q, Jin J, Shen Y. Structure tensor total variation-regularized weighted nuclear norm minimization for hyperspectral image mixed denoising. Signal Process. 2017;131:202–19.Crossref

	32.
Zhong P, Wang RS. Multiple-spectral-band CRFs for denoising junk bands of hyperspectral imagery. IEEE Trans Geosci Remote Sens. 2013;51(4):2260–75.Crossref

	33.
Jiang C, Zhang HY, Zhang LP, Shen HF, Yuan QQ. Hyperspectral image denoising with a combined spatial and spectral weighted hyperspectral total variation model. Can J Remote Sens. 2016;42(1):53–72.Crossref

	34.
Wang Y, Peng JJ, Zhao Q, Leung Y, Zhao XL, Meng DY. Hyperspectral image restoration via total variation regularized low-rank tensor decomposition. IEEE J Selected Topics Appl Earth Obs Remote Sensing. 2018;11(4):1227–43.Crossref

	35.
Alain H, Djemel Z. Image quality metrics: PSNR vs. SSIM. 2010 20th International Conference on Pattern Recognition. 2010;23–26.

	36.
Tripathi, Abhishek K, Sudipta M, Ashis K D. Performance metrics for image contrast. IEEE, 2011. International Conference on Image Information Processing. 2011;1–4.



Publisher's Note
Springer Nature remains neutral with regard to jurisdictional claims in published maps and institutional affiliations.


OEBPS/images/40494_2023_1040_Article_TeX_IEq57.png





OEBPS/images/40494_2023_1040_Article_TeX_IEq58.png





OEBPS/images/40494_2023_1040_Article_TeX_IEq59.png





OEBPS/images/40494_2023_1040_Article_TeX_IEq60.png





OEBPS/images/40494_2023_1040_Article_TeX_Equ24.png
2" —1





OEBPS/images/40494_2023_1040_Article_TeX_IEq61.png
r e R





OEBPS/images/40494_2023_1040_Article_TeX_Equ25.png





OEBPS/images/40494_2023_1040_Article_TeX_IEq62.png
A > ()





OEBPS/images/40494_2023_1040_Article_TeX_Equ26.png
ERGAS — G?) y \l izp;Rl\fLS(ggi)2






OEBPS/images/40494_2023_1040_Article_TeX_IEq63.png
Jr(k+1)





OEBPS/images/40494_2023_1040_Article_TeX_Equ27.png





OEBPS/images/40494_2023_1040_Article_TeX_IEq64.png





OEBPS/images/40494_2023_1040_Article_TeX_Equ20.png
N = argmin § [N
n <F§k),y _ x (k) _ gkl N>

LM Hy _ x (D) _ gl NH2
2 F

2
n (y _ (k1) _ S(k+1)) + ng)

p+ 20

= argmin (B -+ ﬁ)
N 2

|N_

F





OEBPS/images/40494_2023_1040_Fig1_HTML.png





OEBPS/images/40494_2023_1040_Article_TeX_IEq65.png





OEBPS/images/40494_2023_1040_Article_TeX_Equ21.png
e X 1) _ gkt)) 4 g

(F)
1

1w+ 203





OEBPS/images/40494_2023_1040_Article_TeX_IEq66.png





OEBPS/images/40494_2023_1040_Article_TeX_Equ22.png
ngﬂ) F( >+ n (y X (k1) _ glk+1) _ N(’f“))
k+1 k
Fg + ) _ Fg ) + 1 (X(k+1) _ Z(k+1))
Fgﬁ—l) F( ) + 1 (D (Z(k+1)) _ f(k+1))





OEBPS/images/40494_2023_1040_Article_TeX_IEq67.png





OEBPS/images/40494_2023_1040_Article_TeX_Equ23.png
T (2t
,uy Cl)( 2234—0'54—02)





OEBPS/images/40494_2023_1040_Article_TeX_Equ28.png
G.M. of histogram count

HFM =
A.M. of histogram count

1
ISENE
%2?21 L






OEBPS/images/40494_2023_1040_Article_TeX_Equ29.png
1S — Quartile range of histogram

Range of pixel values
(3¢ quartile — 1* quartile) of histogram

(max — min) of the pixel value range





OEBPS/css/sidebar.gif





OEBPS/navigation.xhtml

    
      Contents


      
        		Simulation-aided infrared thermography with decomposition-based noise reduction for detecting defects in ancient polyptychs


      


    
    
      Landmarks


      
        		Body Matter


      


    
  

OEBPS/images/40494_2023_1040_Article_TeX_IEq46.png





OEBPS/images/40494_2023_1040_Article_TeX_IEq47.png





OEBPS/images/40494_2023_1040_Article_TeX_IEq48.png





OEBPS/images/40494_2023_1040_Article_TeX_IEq49.png





OEBPS/images/40494_2023_1040_Figa_HTML.png
Algorithm 1 The proposed solver for LRTDTV

Input: The noisy: y, desired rank [ry, 15, 13],
stopping criterion: €, and the regularization
parameters T, A and [ the weights w;s.

Output: The restored X

O1: Initialize: X =Z2=S=N=0

=1 =15=0,uUp; = 10°
p=15andk =0

02: Repeat steps until convergence

Update X, Z,F,S,N, [, [, I3
Update the parameter: u=min (pu, Upay )

Check the convergence condition
1% — x )
- F

<e
Yl





OEBPS/images/40494_2023_1040_Article_TeX_IEq50.png
C/(k+1)





OEBPS/images/40494_2023_1040_Article_TeX_IEq51.png
Ut (i =1,2,3)





OEBPS/images/40494_2023_1040_Article_TeX_IEq52.png





OEBPS/images/40494_2023_1040_Article_TeX_IEq53.png





OEBPS/images/40494_2023_1040_Article_TeX_IEq54.png





OEBPS/images/40494_2023_1040_Article_TeX_IEq55.png





OEBPS/images/40494_2023_1040_Article_TeX_IEq56.png





OEBPS/images/40494_2023_1040_Fig3_HTML.png
unit; mm

unit: mm

unit

e [

11

defect 3

unit: mm






OEBPS/images/40494_2023_1040_Article_TeX_IEq103.png
'th





OEBPS/images/40494_2023_1040_Article_TeX_IEq104.png





OEBPS/images/40494_2023_1040_Article_TeX_IEq101.png





OEBPS/images/40494_2023_1040_Article_TeX_IEq102.png





OEBPS/images/40494_2023_1040_Article_TeX_IEq100.png





OEBPS/images/40494_2023_1040_Fig9_HTML.png
cumulative frequency

Raw image of sample A - defect 3

Raw image of sample A - sound area

Processed image of sample A - defect 3

14000 [—cumulative histogram| tateg [—cumulative histogram) 8000 [ cumulative histogram
« 1st quartile * 1st quartile * 1stquartile
12000 + 3rd quartile 12000 - 3rd quartile 7000 * 3rd quartile
10000| Histogram & 10000 Histogram 6000 _ Histogram
g H
=
g 2000 85000
8000 3000 £ 8000 £ .
) 5
= 2 Fs00 2 4000 H
S 6000 5 3 %
6000 g s g 2 &
e £ i £ 3000 100
3 3
4000 ... 0
4000 ) 560
% s w0 ™ =0 % s w0 w0 a0 20 0w 250
2000 pivelvaus 20007 pire value 1000 pivel vaue
L L 0
0 50 100 150 200 250 0 50 100 150 200 250 0 50 100 150 200 250
pixel value pixel value pixel value
(a) (b) (©)
Processed image of sample A - sound area Raw image of sample B - defect 3 Raw image of sample B - sound area
8000 [—cumulative histogram| 8000 I—cumulative histogram| 8000 |—cumulative histogram|
* 1st quartile « 1st quartile * 1st quartile
7000 + 3rd quartile 7000 + 3rd quartile 7000 * 3rd quartile
S6000 Histogram 6000 Histogram Z6000 Histogram
§
] ] E
8§ 5000 85000 o 25000 800,
o a0 ° - 2 Tewo
2 4000 £ ‘ 2 4000 %o F 4000 H
3 H Fl g g Eao
E3000 w0 E 3000 = 5 3000
. © a0 200
2000 2000 2000
1 | o
% ® w0 w0 m m0 o % s w0 250 o EICEERES
1000 pivel value 1000 pixel vaue 1000 pixel valve
" |
50 100 150 200 250 0 50 100 150 200 250 o 50 100 150 200 250
pixel value pixel value pixel value
(d) © ()
Processed image of sample B - defect 3 Processed image of sample B - sound area
8000 [—cumulative histogram| 8000 [—cumulative histogram
« 1st quartile + 1st quartie
7000 * 3rd quartile 7000 * 3rd quartile
6000 Histogram Histogram
5000 00 0
4000 g g
s H g0
£200 £
£ 3000
3 10
100
2000
o o
o % 10 w20 0 % 10 10 R
1000 piel value. 1000 pivel value
0 . I
0 50 100 150 200 250 [ 50 100 150 200 250
pixel value pixel value

(€3]

(h)





OEBPS/images/40494_2023_1040_Article_TeX_IEq35.png





OEBPS/images/40494_2023_1040_Article_TeX_IEq36.png





OEBPS/images/40494_2023_1040_Article_TeX_IEq37.png





OEBPS/images/40494_2023_1040_Article_TeX_IEq109.png





OEBPS/images/40494_2023_1040_Article_TeX_IEq38.png
w;(j =1,2,3)





OEBPS/images/40494_2023_1040_Article_TeX_IEq39.png
il





OEBPS/images/40494_2023_1040_Article_TeX_IEq107.png





OEBPS/images/40494_2023_1040_Article_TeX_IEq108.png





OEBPS/images/40494_2023_1040_Article_TeX_IEq105.png
Quartilerange





OEBPS/images/40494_2023_1040_Article_TeX_IEq106.png





OEBPS/images/40494_2023_1040_Article_TeX_IEq40.png





OEBPS/images/40494_2023_1040_Article_TeX_IEq41.png
D, (1) =|wi X D (+);wy X Dy (+);wg X Dy (+)]





OEBPS/images/40494_2023_1040_Article_TeX_IEq42.png
X = CX1U1><2U2><3U3





OEBPS/images/40494_2023_1040_Article_TeX_IEq43.png
Ul
U =1





OEBPS/images/40494_2023_1040_Article_TeX_IEq44.png





OEBPS/images/40494_2023_1040_Article_TeX_IEq45.png
[(i=1,2,3)





OEBPS/images/40494_2023_1040_Fig2_HTML.png





OEBPS/images/40494_2023_1040_Fig8_HTML.png
Cor1nparison of SSIM between Sl 1 ana experimental Data Comparison of PSNR between 1 and experimental Data C%nparison of ERGAS between Simulated and Experimental Data

50

Flash A Flash B

(2) (b) (©)

Flash A Flash B Flash A Flash B





OEBPS/images/40494_2023_1040_Fig5_HTML.png
I
' Flash  heat pulse VAN
O
/ rd -
sample %/ A :
[ ] ~ IR Control

camera

o A=

- “\\\ ., 1 PC l 7
‘\\\ O JL gi \

L
1\

(2) (b)





OEBPS/images/40494_2023_1040_Article_TeX_IEq24.png





OEBPS/images/40494_2023_1040_Article_TeX_IEq25.png





OEBPS/images/40494_2023_1040_Article_TeX_IEq26.png





OEBPS/images/40494_2023_1040_Article_TeX_IEq27.png
T, A





OEBPS/images/40494_2023_1040_Article_TeX_IEq28.png





OEBPS/images/40494_2023_1040_Article_TeX_IEq29.png
CX1U1><2U2><3U3





OEBPS/images/40494_2023_1040_Article_TeX_Equ13.png
(I + pD:D,) Z = pX*+1)
+ pD, (]—"(k)>
k v (K
+140 — D (1))





OEBPS/images/40494_2023_1040_Article_TeX_Equ14.png
7\

/

Hy = pX 49 X (F) 4 180 = Dy (1)
Ty = W3|fftn (Dy)|” + wifftn (D,)|* + w?|fftn (Dy)|”

Z(k—H) — ifftn fitn(Hy)
H1+AT,





OEBPS/images/40494_2023_1040_Article_TeX_Equ15.png
FEHD — argmin 7 1 F1l;
f

+ <r§f>, D. (Z<’f+1>> - .7—"> + g HDW (Z<’f+1>> _F

A7
= argmin 7 | F||, + 5 || F — <Dw (Z(’““)) +—j )
f

2

O





OEBPS/images/40494_2023_1040_Article_TeX_IEq30.png





OEBPS/images/40494_2023_1040_Article_TeX_Equ16.png
r—A aifr>A
Ra(x)¢ x4+ A ifr < A
0 otherwise





OEBPS/images/40494_2023_1040_Article_TeX_IEq31.png





OEBPS/images/40494_2023_1040_Article_TeX_IEq32.png





OEBPS/images/40494_2023_1040_Article_TeX_Equ10.png
1
min HMC X1 Uy Xq Uy X3 Us — - (y— S*)
ul'; 2

2
_N® L gk (Fgm _ Fgc)) / u) HF





OEBPS/images/40494_2023_1040_Article_TeX_IEq33.png
| X |lsgTv





OEBPS/images/40494_2023_1040_Article_TeX_Equ11.png
(1) — C(k+1)X1U1(k+1) ><2U2(1c+1) X3U3(k+1)





OEBPS/images/40494_2023_1040_Article_TeX_IEq34.png
| X |lsgTv





OEBPS/images/40494_2023_1040_Article_TeX_Equ12.png
Zk—{—l

= argmin <Fg€), X0+ — Z>
Z

+ (1, D, (2) - FO)

2
+ (e - 2|+ 102 - 712





OEBPS/images/40494_2023_1040_Article_TeX_Equ17.png





OEBPS/images/40494_2023_1040_Article_TeX_Equ18.png
S(k+1):argmin)\||5||1+< g),y Xk g NI )>
s

ﬂ|_X%w_S_NwW
+2y F

= argmin A||.S]|,
S

(k)
fﬁ5_<y,ﬂmw_Nw+£L>

3






OEBPS/images/40494_2023_1040_Article_TeX_Equ19.png





OEBPS/images/40494_2023_1040_Article_TeX_IEq13.png





OEBPS/images/40494_2023_1040_Article_TeX_IEq14.png





OEBPS/images/40494_2023_1040_Article_TeX_IEq15.png
6.0 x 10°





OEBPS/images/40494_2023_1040_Article_TeX_IEq16.png





OEBPS/images/40494_2023_1040_Article_TeX_IEq17.png





OEBPS/images/40494_2023_1040_Article_TeX_IEq18.png
Yl Y
7 2 B
7Y’3 Y
c ey





OEBPS/images/40494_2023_1040_Article_TeX_IEq19.png
Yie RPW (1 =1,2,3,...,B)





OEBPS/images/40494_2023_1040_Fig7_HTML.png





OEBPS/images/40494_2023_1040_Article_TeX_IEq20.png





OEBPS/images/40494_2023_1040_Article_TeX_IEq21.png





OEBPS/images/40494_2023_1040_Article_TeX_IEq22.png





OEBPS/images/40494_2023_1040_Article_TeX_IEq23.png





OEBPS/images/40494_2023_1040_Article_TeX_IEq114.png





OEBPS/images/40494_2023_1040_Article_TeX_IEq115.png





OEBPS/images/40494_2023_1040_Article_TeX_IEq112.png





OEBPS/images/40494_2023_1040_Article_TeX_IEq113.png





OEBPS/images/40494_2023_1040_Article_TeX_IEq6.png





OEBPS/images/40494_2023_1040_Article_TeX_IEq110.png





OEBPS/images/40494_2023_1040_Article_TeX_IEq7.png





OEBPS/images/40494_2023_1040_Article_TeX_IEq111.png





OEBPS/images/40494_2023_1040_Article_TeX_IEq8.png





OEBPS/images/40494_2023_1040_Article_TeX_IEq9.png





OEBPS/images/40494_2023_1040_Article_TeX_IEq2.png





OEBPS/images/40494_2023_1040_Article_TeX_IEq3.png





OEBPS/images/40494_2023_1040_Article_TeX_IEq4.png





OEBPS/images/40494_2023_1040_Article_TeX_IEq5.png





OEBPS/images/40494_2023_1040_Article_TeX_IEq116.png





OEBPS/images/40494_2023_1040_Article_TeX_IEq1.png





OEBPS/images/40494_2023_1040_Article_TeX_IEq93.png





OEBPS/images/40494_2023_1040_Article_TeX_IEq94.png
'th





OEBPS/images/40494_2023_1040_Article_TeX_IEq95.png
Imax





OEBPS/images/40494_2023_1040_Article_TeX_IEq96.png
Imin





OEBPS/images/40494_2023_1040_Article_TeX_IEq97.png





OEBPS/css/envelope.png





OEBPS/images/40494_2023_1040_Article_TeX_IEq10.png





OEBPS/images/40494_2023_1040_Article_TeX_IEq98.png





OEBPS/images/40494_2023_1040_Article_TeX_IEq11.png





OEBPS/images/40494_2023_1040_Article_TeX_IEq99.png





OEBPS/images/40494_2023_1040_Article_TeX_IEq12.png





OEBPS/images/40494_2023_1040_Fig6_HTML.png
(a) (b)





OEBPS/images/40494_2023_1040_Article_TeX_IEq90.png





OEBPS/images/40494_2023_1040_Article_TeX_IEq91.png
RMSE (7)





OEBPS/images/40494_2023_1040_Article_TeX_IEq92.png
'th





OEBPS/images/40494_2023_1040_Article_TeX_Equ1.png
—nNn-q=q





OEBPS/images/40494_2023_1040_Article_TeX_IEq79.png





OEBPS/images/40494_2023_1040_Article_TeX_IEq82.png





OEBPS/images/40494_2023_1040_Article_TeX_IEq83.png





OEBPS/images/40494_2023_1040_Article_TeX_IEq84.png





OEBPS/images/40494_2023_1040_Article_TeX_IEq85.png





OEBPS/images/40494_2023_1040_Fig4_HTML.png
EXPERIMENTAL PROCEDURE

NUMERICAL SIMULATION

|

Sample preparation and analysis (Fig. 2)

U

Input of the CAD model

Position the sample on the support, as shown in Fig. 5. In the
simulation, samples are positioned in the x-z plane.

4

Adjust the angle and the position of the flash

Y Sets the value of the heat flux

U

The thermal camera is enabled and the sampling frequency is 2 ms

Start with the transient simulation

U

Turn on the flash and heat the sample for 2 ms

Heat flux duration 2 ms

1!

Continuation of the thermographic test

1|2

Turn off the thermal camera after the experiment

The transient simulation is complete

)

End






OEBPS/images/40494_2023_1040_Article_TeX_IEq86.png
01702703





OEBPS/images/40494_2023_1040_Article_TeX_IEq87.png





OEBPS/images/40494_2023_1040_Article_TeX_IEq88.png





OEBPS/images/40494_2023_1040_Article_TeX_IEq89.png





OEBPS/images/40494_2023_1040_Article_TeX_IEq80.png





OEBPS/images/40494_2023_1040_Article_TeX_IEq81.png





OEBPS/images/40494_2023_1040_Article_TeX_IEq68.png
y € RMxpr





OEBPS/images/40494_2023_1040_Article_TeX_IEq69.png
[7“1, T2, 73





OEBPS/images/40494_2023_1040_Article_TeX_IEq71.png





OEBPS/images/40494_2023_1040_Article_TeX_IEq72.png





OEBPS/images/40494_2023_1040_Article_TeX_IEq73.png





OEBPS/images/40494_2023_1040_Article_TeX_IEq74.png





OEBPS/images/40494_2023_1040_Article_TeX_IEq75.png





OEBPS/images/40494_2023_1040_Article_TeX_IEq76.png





OEBPS/images/40494_2023_1040_Article_TeX_IEq77.png





OEBPS/images/40494_2023_1040_Article_TeX_IEq78.png
u = min(pu, Upmayx )





OEBPS/images/40494_2023_1040_Article_TeX_Equ4.png
y=X+N+S5





OEBPS/images/40494_2023_1040_Article_TeX_Equ5.png
i X NS, + BN
)gl]lvflsfll lsstv + A S| + BNz

s.t.y=X+N+S
X = CXlUl X2U2X3U3
U =1 (i=1,23)

1





OEBPS/images/40494_2023_1040_Article_TeX_Equ2.png





OEBPS/images/40494_2023_1040_Article_TeX_Equ3.png
—n-q= 5U(Tfmb - T4)





OEBPS/images/40494_2023_1040_Article_TeX_Equ8.png
L(X7 S7N7 Z7~F7F17F27F3)
= 7| Fll, + ANSH + BINIE(T1, y = X =S = N) + (T, X — Z)
(00, D, (2) = F)+ 5 (ly - X = NII;

HIX = Z)+ 1D (2) - FI)





OEBPS/images/40494_2023_1040_Article_TeX_Equ9.png
min
UlU; =1
X:C><1U1 XQUQ ><3U3

<

F@w—X—SW—NW>





OEBPS/images/40494_2023_1040_Article_TeX_Equ6.png
X lsgry =D wi ijh — Tijha] +wa ikl +
1,7,k

—;j1kW3 |$zgk - xi—l,j,k|





OEBPS/images/40494_2023_1040_Article_TeX_Equ7.png
' 2
C,Ui,r%,lg,s,zvrt ”]:”1 +A ||5”1 +f ”N”F

st.y=X+S+N,X=2D,(2)=7F,
X:C><1U1 XQUQ ><3U3,UZ-TUZ':I





OEBPS/images/40494_2023_1040_Article_TeX_IEq70.png





