Measurement of Paint Layer Thickness with Photothermal Infrared Radiometry

P. Dörr, A. K. Louis Institut für Angewandte Mathematik,

Universität des Saarlandes 66041 Saarbrücken, http://www.uni-sb.de

C. Gruss, H. Petry Phototherm Dr. Petry GmbH, Altenkessler Strasse 17, 66115 Saarbrücken, http://www.phototherm.de

November 20, 2000

Abstract

Photothermal infrared radiometry has been used for the measurement of thermo-physical, optical and geometrical properties of multi-layered samples of paint on a metalic substrate. A special data-normalization is applied to reduce the number of sensitive parameters which makes the identification task for the remaining parameters easier. The normalization stabilizes the evaluation of the photothermal signal and makes the infrared radiometry more attractive for applications in the industrial environment. It is shown that modeling and multi-parameter-fitting can be applied successfully to the normalized data for the determination of layer thicknesses. A second approach is presented to verify the adaptability of reconstruction algorithms for thickness measurements. An algorithm which uses the affinity of the thermal waves to the acoustic waves and the inverse scattering problem demonstrates the applicability in general.

1 Introduction

The determination of coating thickness is an important requirement for the industry [1, 2]. As input for remote control systems, thickness information has to be supplied in realtime. Data acquisition has to be perfomed in a non-contact manner. Not only non-destructive and remote control are required, but also methods allowing to determine the composition of a multilayer-coating. Furthermore the calibration should be as easy as possible. In conventional modulated photothermal infrared radiometry, paint-film-thickness is measured using lock-in amplifiers. The phase-difference between modulated laser-excitation and detected infrared signal that is emited by the sample [3, 4] is sensitive to changes of the paint-layer thickness and therefore used as calibration variable. The phase- and amplitude data to a series of excitation frequencies is called a frequency-scan and can be used to identify thermo-physical parameters of the sample [5, 6]. It is represented by a function of complex value with the excitation frequency as argument. If - as in our instrumentation - a mechanical chopper is used to generate a periodical heat source on, respectively within, the sample then we waste a lot of information if only the first harmonic part of the infrared signal is used: Since the chopped laser beam can be approximated by a square wave, we have significant amplitudes at odd multiples of the chopper frequency. The heat equation, which is the mathematical model of the heat diffusion in the sample, is a linear differential equation in the case of temperature independent thermo-physical properties. Furthermore the radiation depends approximately linearly on the temperature in the case of small temperature variations. Therefore we will have significant amplitudes of the periodical radiation-intensity-function of the sample only at odd multiples of the chopper frequency. In this paper we describe a general concept how this information can be extracted from the measured signal and used in infrared radiometry, we call it simultaneous calibration. In a first step we derive

Figure 1: Schematic illustration of the experimental set-up

a mathematical model of the heat flow in N-layer samples. Several approaches to multi-layer-systems can be found in literature [3, 7, 8]. It is assumed that the first layers are light-absorbing and that the last is a metallic substrate, and the layered sample is surrounded by air, which is assumed to be a thermal isolator, see figure (1).

In the next section we present the general method that we use to extract higher harmonic information from the time signal. This is done theoretically as well as experimentally. The inverse problem of parameter identification is presented with some remarks on the ill-posedness of the problem. Parameter studies performed on measured data sets are used to verify our modeling and normalization procedure.

A second approach makes no assumption on the special geometrical structure of the sample. The diffusivity profile of the sample is assumed to be a function of depth. The actual instrumentation does not allow to make frequency scans in real time. But assuming this would be possible, we were able to show that reconstruction of the diffusivity- respectively effusivity-profiles can be used to determine the paint layer thickness. All experiments were performed by the com-

Figure 2: Schematic illustration of the instrumentation

mercial system PS-Online of the Phototherm Dr. Petry GmbH. An illustration of the experimental setup is shown in figure (2).

2 Mathematical Model I

We consider a sample composed of N layers; see figure (1). The laser spot is assumed to be very large compared to the sample thickness and to the detection spot. Since in addition the detection spot is assumed to be large compared to the thermal diffusion length μ = √ 2α/ω, our problem can be reduced to a onedimensional one [3]. α is the thermal diffusivity, ω the angular frequency. The sample will be heated by a square wave heat-source function q(x, t), 0 ≤ x ≤ x_N , 0 < t induced by a time periodic chopper at frequency f_0

q(x, t) = q_0β exp(−βx)square(f_0, t), (1)

where β is the infrared absorption coefficient of the first layer and square(f_0, t) the square wave function at frequency f_0. For the sake of simplicity we assume that scattering and reflection of the induced laser beam can be ignored and that all layers have the same absorption coefficient β. Then q is also time periodic with frequency f_0 and the temperature T in the sample is the solution of the heat equation, which can be written in the frequency domain as [9]:

∂^2 ∂x^2 T (x, ω) − σ^2(ω)T (x, ω) = −q(x, ω), (2) where σ = (1 + i) √ ω/2α is the thermal wave number, α the thermal diffusivity and q_0 the maximum induced power. The heat equation is transformed into the Helmholtz equation which shows the similarity between thermal and acoustic waves. Here the change of variables t and ω denotes the transition to frequency domain. Since q is a square wave function we know that q(x, ω) has amplitudes different from zero only for frequencies which are odd multiples of the chopper frequency ω_0 = 2πf_0. From now on we write q(x, ω) and T (x, ω) and ω is assumed to be an odd multiple of the chopper frequency ω_0. We assume the sample layers to have constant physical properties . In each layer j the solution of (2) has the form T_j (x) = A_j e^{−σj (x−xj )} + B_je^{σj (x−xj )} + C_je^{−β(x−xj )}, (3) where x_0 = 0, T_j (x), 0 ≤ x ≤ L_j and q_j := q_0e^{−βxj} . We are searching for a smooth solution, where T_j satisfies the following boundary conditions: ∂ ∂x T_0(0) = ∂ ∂x T_{N−1}(x_N ) = 0 (4)

T_j (x_{j+1}) = T_{j+1}(x_{j+1}) (5) k_j ∂ ∂x T_j (x_{j+1}) = k_{j+1} ∂ ∂x T_{j+1}(x_{j+1}) (6)

j = 0, . . . , N − 2. This linear system of equations (4-6) for the coefficients A_j and B_j can be solved analytically. The surface temperature is then T (0) = A_0 + B_0 + C_0. The value C_0 is determined by equation (2). More differentiated models can be derived in the same way as presented here. In practical application the absorbed power q_0 is difficult to quantify and dependent on environment conditions as well as apparatus components. We remove the influence of q_0 using the fact that all coefficients A_j , B_j contain the factor C_j. So q_0 can be factored out and is then cancelled through normalization. This is the subject of the next section.

3 Simultaneous Calibration

In the case of a one dimensional model the radiometric signal is [10] S(ω) = Kβ_{IR} L∫ 0 exp(−β_{IR}x)T (x, ω)dx, (7) where K is an instrumental constant depending on geometrical factors, the emissivity averaged over the spectral bandwidth of the detector, the Stefan Boltzmann constant, and the ambient temperature. Additionally we have the influence of electronic devices such as amplifiers in the parameter K so that K = K(ω) may depend on the frequency and has complex value. We suggest a new way to normalize the measured data which is based on a multi-harmonic thermal excitation (which in turn produces a multi-harmonic infrared signal). This allows to use one harmonic part as reference and one or all the other harmonic parts as information carrier [11]. In the case of a square wave excitation we apply the following transformation to the measured time data S(t) : S(t) → Ŝ = ( S(ω_0) 3 √ 3S(3ω_0) , S(ω_0) 5 √ 5S(5ω_0) , ..., S(ω_0) (2n + 1)^{3/2}S((2n + 1)ω_0) , ... )_T (8) We call the mapping S(t) → Ŝ simultaneous calibration [11] because information

Figure 3: Multi-Parameter-Fit: Normalized amplitudes |Ŝ_1|. Six samples of different and known paint layer thickness were used to fit the thermophysical parameters of the samples.

retrieval and calibration are carried out in parallel. The factors (2n + 1)^{3/2} are chosen so that a semi-infinite sample with surface absorption has a normalized phase of zero and a normalized amplitude of one in all entries of Ŝ. Compared to traditional normalization there are some serious advantages of this method: first the gathered information is not affected by changes of the induced maximum power, which may result from changes of the ambient terms or replacement of apparatus components. Second, we get information about different thermal depth from only one measurement.

4 Multi-Parameter-Fitting

It is well known that the inversion problem of parameter identification for thermal wave data is an ill-posed problem [8]. One consequence of this effect is that the

Figure 4: Multi-Parameter-Fit: Normalized phases arg(Ŝ_1).

excitation frequency has to be chosen well so that data is sensitive to changes of sample parameters. Moreover, ill-posedness limits the amount of information that can be retrieved from noisy data. Let us consider the case of a two-layer system paint on metallic substrate. Let T (x, β) be the temperature distribution to the absorption coefficient β in the thermally excited sample. Then it can be shown using the mathematical model derived in section (2) that

lim_{β→∞} ∫_L 0 e^{−βIRx}T (x, β)dx = lim_{βIR→∞} ∫_L 0 e^{−βIRx}T (x, β)dx = T (0, β).

when we insert the same value for β and β_{IR}. This means that the influence of absorption and emission is interchangeable in the common case of small optical penetration depths. For that reason we omit one of the parameters to stabilize the inversion procedure. Since the remaining parameter β - in our examples we set β_{IR} = ∞ - compensates the influence of the absorption and emission effect, it cannot be seen as quantitative variable. But since we are interested in layerthickness this is not a disadvantage. With the introduction of the compensationparameter we decrease the number of free parameters from three to two per layer.

5 Experimental results: measured data

The experimental set-up is presented in figure (2): we have a CO_2 laser whose output beam is first modulated by a chopper, then focused by a lens of ZnSe, so that the beam can pass a small hole in a mirror. Futhermore this lense controls the diameter of the laser-spot on the sample. The function of the mirror is to deflect the emited radiation in direction of the IR-detector. Another lense, a CAFl lens focus the radiation on the InSb detector which is cooled by a Stirling cooling system. Digitized infrared time data were sampled and analyzed. We present the results for a three layer sample: two different coating layers of paint on a steel substrate. The sum of the coating thicknesses and substrate thickness (430μm) were measured by other methods and therefore approximately known. They were used to verify our mathematical model and normalization approach. Time data acquisition was done on six samples. Paint layer thickness varied between 10 and 20μm, ten chopper frequencies between 2 and 75 Hz were applied. The second layer was a ground coat layer. It was thin compared to the first layer. The substrate layer thickness and the thickness of the ground coat layer were supposed to be the same for all samples. Digitized time series of the pre-amplified detector signal were sampled at a rate of 200 MHz. No Lock-In amplifier was used. First of all it has to be mentioned that we were not able to differentiate the two paint layers with this data in a stable and reproduceable way. Fitting procedure with the three-layer model converges to a two-layer sample. For that reason we used the two-layer model for all parameter estimations.

We want to verify the approximation quality of our mathematical model. The

calibration with 10 μm 12 μm 14 μm 16 μm 18 μm 20 μm all samples: 10.0 12.1 14.2 16.1 18.1 19.4 10 μm sample: 10.0 11.9 13.9 15.5 17.3 18.4 12 μm sample: 10 12 14 15.7 17.5 18.7 14 μm sample: 9.7 11.9 14 15.8 17.8 19 16 μm sample: 9.5 11.7 14.0 16 18.0 19.3 18 μm sample: 9.4 11.6 14 16.0 18 19.3 20 μm sample: 8.7 11.2 14 16.3 18.6 20

Table 1: Computed thicknesses of the first layer for all samples. Thermo-physical properties were computed with the calibration data. All parameters but the first layer thickness were frozen. One parameter fitting for each sample gives the computed quantitative layer thickness. Given thickness was measured with a noncontact-free ultrasound method

verification method is as follows: Using the knowledge of layer thicknesses we can replace the model parameter thermal thickness L_0/ √ α_0 of the first layer with the diffusivity α_0 because L_0 is known as mentioned before. Now we fit the frequency scan data to all samples simultaneously. We use the normalized data S_1, . . . , S_4 (8). In figure (3,4) we see the respective plots for normalized amplitudes and phases. The test presented in table (1) provides information about the stability of our approach as a single-sample-calibration method. One calibration sample per row with known thicknesses was used to determine the thermophysical parameters of the sample. For the other samples solely the thickness L_0 remains as fitting parameter. It can be seen that all samples deliver stable parameters, solely the 20μm sample leads to slightly different results. This is probably caused by less accurate thickness information. But we find our method to be stable, at least in the sense that the computed thicknesses are monotonicly increasing when thickness increases.

6 Mathematical Model II

The first approch uses the layered structure of the samples. The concept presented here does not make such assumptions. We reconstruct a profile of some thermophysical properties of the sample. Thermal diffusivity is very different for metal and for paint, so that our aim will be to find the position of the interface between the layers. Some methods can be found in literature concerning the reconstruction of conductivity or effusivity profiles of hardened steel. We compare one of these methods [12] with a new one which uses the analogy with the acoustic inverse scattering problem. Starting from the Psdeudo Helmholtz equation [13] ( d^2 dx^2 − σ^2_0 ) T (x) = F (x)T (x) (9)

where F (x) = { σ^2_0 (n(x)^2 − 1) : 0 ≤ x 0 : x < 0

and the thermal refraction index n(x) = √ α_0/α(x) Then T is a solution of (2) and can be written as T (x) = T_i(x) + T_s(x)

T_s(x) = −α_0 ∫_∞ 0 G(x, y)F (y)T (y)dy (10) T_i(x) = I σ_0k_0 e^{−σ0x} (11)

the sum of incident and scattered thermal wave. G is the Greens function of equation (9) G(x, y) = 1 2σα ( e^{−σ|x−y|} + e^{−σ|x+y|} ) We assume the temperature values at the surface were available to different excitation frequencies. With these data we have to reconstruct the profile F (x).

Using the Born-Approximation T_s(0, ω) ≈ −α_0 ∫_∞ 0 1 2α_0σ_0 2e^{−σ0y}T_i(y, ω)F (y)dy (12) = − α_0 2k_0 I ∫_∞ 0 e^{−σ0y} ( 1 α(^y_2 ) − 1 α_0 )

:=f(y) dy, (13)

this problem becomes linear. We see that our data can be approximated by the laplace transform of the object f, which is directly connected to the original object function F (x, ω) = iωf(x). The concept called approximative inverse [14] has been applied for the numerical inversion of the the laplace transform. This problem is extremely ill posed, and the algorithm for the numerical solution very complex, so that we cannot present further details here. One important fact is, that we need a frequency scan, that includes the sensitive frequencies. If not - there will be a lack of information: Since the excitation frequency triggers the penetration depth of the thermal wave, we cannot reconstruct a profile above a certain maximum depth which depends not only on the frequency but also on the diffusivity of the object itself.

Figure 5: Diffusivity profile reconstruction using born approximation. 100 Freqeuncies between 0.3 and 400 Hz were used. Regularization with truncated singular value decomposition and smoothing with gauss-kernel.

7 Experimental results: simulated data

A chopped laser beam which is used for the thermal excitation of the sample does not provide the frequency-scan data with more than 50 excitation frequencies in real time which is necessary for profile reconstruction. Real time measurements of such a frequency-scan cannot be realized with the given apparatus. For that reason we use synthetically data which was generated using the (nonlinear) layered model presented in section (2). Our aim is to show what could be possible, if the measurement technology is able to produce real-time frequency-scans. As a benchmark we examine five samples of paint on a metallic (semi-infinite) substrate. Again we were not able to distinguish mutiple paint layers when the data is disturbed by (artificially introduced) noise. But the location of the interface between paint and metal was successful. A comparison between the born-approximation solution and the results of the state-of-the-art algorithm developed by Bertolotti et al. shows, that both algorithms can be used for thickness computation. We have to mention, that the bertolotti algorithm was originally

exact thickness computed thickness computed thickness Bertolotti algorithm Born-approximation 40 μm 38.8 40.1 42 μm 40.1 42.1 44 μm 42.8 44.5 46 μm 44.2 46.3 48 μm 48.4 48.4 50 μm 48.8 50.1

Table 2: Comparision of reconstruction algorithms. Synthetically generated data for excitation frequencies between 0.3 and 400 Hz, Gaussian noise of 1%. Bertolottis algorithm uses maximum of effusivity contrast e^′(x)/e(x) to identify interface location between paint and metal. Born-approximation algorithm uses maximum of differentiated diffusifity profile α(x)^′.

designed for the reconstruction of smooth effusivity profiles of hardened steel. We showed, that it can be adopted for the determination of layer thickness. In figures (5,6) we compare the reconstruction quality of the two algorithms. While Bertolottis algorithm (figure 5) is very good in the region of constant effusivity we see better results in the reconstruction of the constant profile of the substrate for the born-approximation algorithm (figure 5). Examples have shown, that the localization of the interface is more stable under the influence of noise for the born-approximation. Both algorithm were able to demonstrate, that linearized models are quite good approximations for the nonlinear problem of profile reconstruction - at least if we are only interested in the location of interfaces within the sample.

Figure 6: Effusivity profile reconstruction using bertolottis algorithm. 100 Freqeuncies between 0.3 and 400 Hz were used. Regularization with truncated singular value decomposition and smoothing with gauss-kernel.

8 Conclusion

Photothermal radiometry has been used to identify samples of a paint layer on a metallic substrate. A very robust method consisting of a signal analysis - and modeling module has been presented. It makes it possible to identify parameters with very few data, acquired in a rough industrial environment. We were able to show that multi-parameter fitting can be a valuable tool in the measurement technology if we reduce the free parameters to those with the highest sensitivity. The development of suitable data transforms - like simultaneous calibration - in combination with reduced mathematical models leads to measurement methods with some kind of intelligence. Compared to a neural network approach, the modeling-multi-parameter-fitting process has significant advantages: only one frequency scan to only one sample is enough training for our method. After the parameter-identification is performed, the thickness of any other sample - consisting of the same materials - can be identified. We want to emphasize particularly the normalization scheme that we presented. It is the key part of the procedure since it reduces the number of parameters with a strong influence on the (normalized) photothermal signal to four free parameters for a two-layer sample. Moreover the photothermal information - the transformed frequency scan data - is independent of the instrumentation; replacing instrument components does not induce the need of new calibration or multi-parameter-fitting.

Furthermore we were able to show that profile reconstruction as a tool for thickness determination could also be successful, if necessary modifications of the measurement apparatus are technically feasable. But linear models as presented here are not sensitive enough to distinguish different paint layeres, a case which is important in industrial applications. Therefore future work has to deal with nonlinear models, and nonlinear profile reconstruction.

References

[1] C. Gruss, Grant report for the foundation Stiftung Industrieforschung, Köln, Germany, (1999)

[2] H. Petry, MO Metalloberflche, Beschichten von Metall und Kunststoff, 4, 1998

[3] W. Karpen, Berührungslose und zerstörungsfreie Prüfung von Kunststofflackierungen mit thermischen Wellen, PhD thesis, University of Stuttgart, Germany, (1993)

[4] A. A. Karabutinov, V. V. Klevitskiy and A. P. Kubyshkin, Thermal wave characterization of coatings on substrate, SPIE 2713, 414 (1996)

[5] J. A. Garcia, A. Mandelis, M. Marinova, K. H. Michaelian and S. Afrashtehfar, Quantitative photothermal radiometric and ft-ir photoacoustic measurements of speciality papers, Appl. Spectrosc. 52, 1222 (1998)

[6] E. T. Ogawa, C. Hu and P. S. Ho, Thermal diffusivity measurement of polymeric thin films using the photothermal displacement technique, J. Appl. Phys. 86, 6018 (1999)

[7] J. A. Garcia, A. Mandelis, B. Farahbakhsh, C. Lebowitz and I. Harris, Thermophysical properties of thermal sprayed coatings on carbon steel substrates by photothermal radiometry, Int. J. Thermophys. 20, 1587 (1999)

[8] C. Glorieux, J. Fivez and J. Thoen, Photoacoustic investigation of the thermal properties of layered materials: Calculation of the forward signal and nunerical inversion procedure, J. Appl. Phys. 73, 686 (1993)

[9] J. C. Murphy, L. C. Amodt and J. W. Spicer, Principles of photothermal detection in solids, in A. Mandelis ”Progress in photothermal and photoacoustic science and technology”, New York, 43 (1992)

[10] W.P. Leung and A.C. Tam, Techniques of flash radiometry, J. App. Phys.

56, 153 (1984)]

[11] P. Dörr, C. Gruss, H. Petry, A. K. Louis, Single Sample Calibration, German Patent No. 19907804

[12] M. Bertolotti, R. L. Voti, G. L. Liakhou, S. Paoloni and C. Siblia, A new approach to photothermal depth profiling in frequency domain: theory and experiment, AIP conference proceedings 463, 24 (1999)

[13] A. Mandelis, J. Phys. A., Theory of photothermal wave diffraction tomography via spatial laplace spectral decomposition, Math. Gen. 24, 2485 (1991)

[14] A. K. Louis, Approximative inverse for linear and some nonlinear problems, Inverse Problems 12, 175 (1996)