Use of Satellite Image Referencing Algorithms to Characterize Asphaltic Concrete Mixtures

Scott A. Starks^1, Soheil Nazarian^2, Vladik Kreinovich^1, and Joseph Adidhela^2 1NASA Pan-American Center for Earth and Environmental Studies 2Materials Research Center and Technology Institute MRTI University of Texas at El Paso, El Paso, TX 79968, USA contact email vladik@cs.utep.edu

Abstract— A natural way to test the structural integrity of a pavement is to send signals with different frequencies through the pavement and compare the results with the signals passing through an ideal pavement. For this comparison, we must determine how, for the corresponding mixture, the elasticity E depends on the frequency f in the range from 0.1 to 105 Hz. It is very expensive to perform measurements in high frequency area (above 20 Hz). To avoid these measurements, we can use the fact that for most of these mixtures, when we change a temperature, the new dependence changes simply by scaling. Thus, instead of performing expensive measurements for different frequencies, we can measure the dependence of E on moderate frequencies f for different temperatures, and then combine the resulting curves into a single “master” curve. In this paper, we show how fuzzy techniques can help to automate this “combination”.

I. INTRODUCTION

A. Practical Problem

Many materials are viscoelastic, i.e., they possess both the elastic property of a solid and the viscous behavior of the liquid. Examples of such materials range from asphaltic concrete mixtures used in road pavement to elastomers used in aerospace industry.

In many applications of these materials, it is desirable to use non-destructive techniques to test the structural integrity and the properties of the corresponding structures. In these techniques, we send signals to the structure, we measure the signals that passed through the structure, and we analyze this detected signal to see if the structure has any faults. For this analysis, we need to know how, for the corresponding material, the elasticity E depends on the frequency f. To detect different types of faults, we must know this dependence for the frequency f in the range from 0.1 to 10^5 Hz. It is very expensive to perform measurements in high frequency area above 20 Hz.

To avoid these measurements, we can use the fact that many practically used viscoelastic materials – including most asphaltic concrete mixes and many elastomers used in the aerospace industry – are thermally simple, meaning that when we change a temperature, the new dependence changes simply by scaling, i.e.,

E_{new}(f) = E(λ · f). (1)

Thus, instead of performing expensive measurements for different frequencies, we can measure the dependence of E on moderate frequencies f for different temperatures, and then try to apply appropriate scaling to combine the resulting curves into a single “master” curve.

To describe frequencies ranging from 0.1 to 10^5 Hz, researchers usually use logarithmic scale, i.e., they use the logarithm F = ln(f) instead of f. In the logarithmic scale, scaling is described as a shift, so the equation (1) takes an even simpler form:

E_{new}(F ) = E(F + c), (2)

where c = ln(λ) is the corresponding shift. In the logarithmic scale, the above idea can be reformulated as follows: we measure the dependence of E on F for different temperatures, and then shift the resulting curves in horizontal direction together so that they form a single curve; see, e.g., [1, 6, 7, 8, 22].

This approach has been successfully used; the problem is that at present, the shifts are done manually by an expert. It is desirable to automate this process.

B. Fuzzy Methods May Be Helpful The main reason why there are no automatic shift methods is that we do not know the exact dependence of the shift c on the temperature. To determine the corresponding shifts, we rely on the experts – who are unable to represent their expertise in precise terms. To automate this problem, it is therefore desirable to use techniques specifically designed to formalize such expert knowledge – namely, the techniques of fuzzy logic; see, e.g., [11, 17].

C. We Can Also Use Experience of Referencing Satellite Images The problem of determining a shift c between two known functions E(F ) and E_{new}(F ) occurs not only in the analysis of asphaltic concrete mixtures; a similar problem occurs in the analysis of satellite images. Two satellite images of the same area often differ by an unknown shift. There exist automatic methods of determining the corresponding shift, i.e., of “referencing” the corresponding images. In this paper, we will show how these methods can be used to combine the curves corresponding to different temperatures.

II. FUZZY-BASED ALGORITHM A. Fuzzy Analysis Ideally, it would be great if we could find the value of the shift c for which, for every value F , E_{new}(F ) is exactly equal to E(F + c). However, due to inevitable noise and measurement inaccuracies, the two curves are not exactly the same. All we can hope for is that for every F , the values E_{new}(F ) and E(F + c) are close to each other, i.e., that for every F , the difference e^{def}= E_{new}(F ) − E(F + c) is small.

We have finitely many measurement results corresponding to different frequencies. Let us denote the total number of measurement results by K, and the corresponding differences by e_1, . . . , e_k. In these terms, the requirement for choosing the shift c is that all the differences e_i are small, i.e., that e_1 is small, e_2 is small, . . . , and e_K is small. A natural way to formalize this requirement is to use fuzzy logic. Let μ(x) be a membership function that describes the natural-language term “small”. Then, our degree of belief that e_1 is small is equal to μ(e_1), our degree of belief that e_2 is small is equal to μ(e_2), etc. To get the degree of belief d that all K conditions are satisfied, we must use a t-norm (a fuzzy analogue of “and”), i.e., use a formula d = μ(e_1)& . . . &μ(e_K ), where & is this t-norm.

In [10, 16], it is shown that within an arbitrary accuracy, an arbitrary t-norm can be approximated by a strictly Archimedean t-norm. Therefore, for all practical purposes, we can assume that the t-norm that describes the experts’ reasoning, is strictly Archimedean and therefore, has the form a&b = φ^{−1}(φ(a) + φ(b)) for some strictly decreasing function φ [11, 17]. Thus, d = φ^{−1}(φ(μ(e_1)) + . . . + φ(μ(e_K ))). We want to find the values of the parameters for which our degree of belief d (that the model is good) is the largest possible. Since the function φ is strictly decreasing, d attains its maximum if and only if the auxiliary characteristic D = φ(d) attains its minimum. From the formula that describe d, we can conclude that D = φ(μ(e_1)) + . . . + φ(μ(e_K )). Thus, the condition D → min takes the form

ψ(e_1) + . . . + ψ(e_K ) → min, (3)

with ψ(x) = φ(μ(x)).

This formula is actively used – as a heuristic formula – in statistics [9, 20]. This formula – known as an Mmethod – is one of the formulas of robust statistics, i.e., formulas designed for the case when we do not know the exact probability distribution.

The above text shows that this heuristic formula can be justified within fuzzy logic; see, e.g., [12, 14, 15]. This justification enables us to answer the natural question: what function ψ(x) should we choose. We should base this choice on the opinion of the experts. From these experts, we extract the membership function μ(x) that corresponds to “small”, and the function φ(x) that best describes the experts’ “and”.

In particular, if we require that the M-method be invariant relative to rescaling e → λ · e, then the only possible M-methods are methods corresponding to ψ(x) = |x|^p for some parameter p; see [13] for the exact formulation and proof. For such function ψ(x), the criterion (3) takes the form |e_1|^p + . . . + |e_K |^p → max . (4)

What value p should we choose? Since we are trying to formalize fuzzy expert knowledge, the value of p is not well defined: in addition to the original value of p, we can use nearby values as well. We can use this freedom to select p for which the resulting computations are the simplest possible.

Out of all methods (4), the method corresponding to p = 2 is the simplest, because for p = 2 (i.e., for the least squares method) the condition that the derivative of the objective function is equal to 0 becomes a linear equation. Thus, from the fuzzy logic viewpoint, it is reasonable to use the least squares method.

B. Towards an Algorithm Let us transform the above ideas into an algorithm for finding the shift between the two curves E^{(1)}(F ) and E^{(2)}(F ). Each measurement corresponds to a narrow range of frequencies. Usually, within a narrow range, the dependence of E on F is monotonic. Thus, for every E, there exists at most one value F_1 for which E^{(1)}(F_1) = E. Similarly, there exists at most one value F_2 for which E^{(2)}(F_2) = E. In the idealized no-noise case, for every F , the value E^{(2)}(F ) is exactly equal to E^{(1)}(F + c). In particular, for F = F_2, we have E = E^{(2)}(F_2) = E^{(1)}(F_2 + c). Since F_1 is the only value for which E^{(1)}(F_1) = E, we thus conclude that F_1 = F_2 + c. So, in this idealized case, we can determine c as F_2 − F_1.

In reality, the values E^{(2)}(F ) and E^{(1)}(F + c) are only approximately equal. Thus, the shift c is only approximately equal to the difference F_2 − F_1. We can repeat the same argument for the values F_1(E) and F_2(E) corresponding to different values E, and get difference estimates F_2(E) − F_1(E) for the desired shift c.

Let E_1, . . . , E_K be the values for which we perform these computations. We want to find a single estimate for the shift which is close to all these estimates, i.e., for which all K values e_i^{def}= c − (F_2(E_i) − F_1(E_i)) are close to 0. The above argument shows that we must use the least squares method to determine this value c, i.e., that we must find c for which

(c − (F_2(E_1) − F_1(E_1)))^2 + . . . +

(c − (F_2(E_K ) − F_1(E_K )))^2 → min_c .

Differentiating by c and equating the derivative to 0, we conclude that c = (F_2(E_1) − F_1(E_1)) + . . . + (F_2(E_K ) − F_1(E_K )) K , i.e., that the shift can be estimate as the average horizontal shift between the two curves. Thus, we arrive at the following algorithm for finding the shift c between the two curves E^{(1)}(F ) and E^{(2)}(F ):

• We pick several values E_1, . . . , E_K .

• For each of these values E_i, we find the values F_1(E_i) and F_2(E_i) for which E^{(1)}(F_1(E_i)) = E^{(2)}(F_2(E_i)) = E_i, and compute the difference c_i = F_2(E_i) − F_1(E_i).

• Finally, as an estimate c for the shift, we take the arithmetic average of K values c_1, . . . , c_K .

This methods indeed leads to a reasonable combination of curves corresponding to different temperatures.

III. THE FFT-BASED REFERENCING ALGORITHM

Many existing referencing methods use Fast Fourier Transform (FFT). The best of known FFT-based referencing algorithms is presented in [18]; see also [2, 3, 4, 5, 18, 19, 21]. The main ideas behind FFT-based referencing in general and this algorithm in particular are as follows.

A. The Simplest Case: Shift Detection in the Absence of Noise Let us first consider the case when two images differ only by shift. It is known that if two images I(⃗x) and I^′(⃗x) differ only by shift, i.e., if I^′(⃗x) = I(⃗x + ⃗a) for some (unknown) shift ⃗a, then their Fourier transforms F(⃗ω) = 1 2π · ∫ ∫ I(⃗x) · e^{−2π·i·(⃗x·⃗ω)} dxdy,

F^′(⃗ω) = 1 2π · ∫ ∫ I^′(⃗x) · e^{−2π·i·(⃗x·⃗ω)} dxdy, are related by the following formula: F^′(⃗ω) = e^{2π·i·(⃗ω·⃗a)} · F(⃗ω). (5) Therefore, if the images are indeed obtained from each other by shift, then we have M^′(⃗ω) = M(⃗ω), (6) where we denoted M(⃗ω) = |F(⃗ω)|, M^′(⃗ω) = |F^′(⃗ω)|. (7) The actual value of the shift ⃗a can be obtained if we use the formula (5) to compute the value of the following ratio: R(⃗ω) = F^′(⃗ω) F(⃗ω) . (8)

Substituting (5) into (8), we get R(⃗ω) = e^{2π·i·(⃗ω·⃗a)}. Therefore, the inverse Fourier transform P (⃗x) of this ratio is equal to the delta-function δ(⃗x − ⃗a).

In other words, in the ideal no-noise situation, this inverse Fourier transform P (⃗x) is equal to 0 everywhere except for the point ⃗x = ⃗a; so, from P (⃗x), we can easily determine the desired shift by using the following algorithm:

• first, we apply FFT to the original images I(⃗x) and I^′(⃗x) and compute their Fourier transforms F(ω) and F^′(ω);

• on the second step, we compute the ratio (8); • on the third step, we apply the inverse FFT to the ratio R(⃗ω) and compute its inverse Fourier transform P (⃗x); • finally, on the fourth step, we determine the desired shift ⃗a as the only value ⃗a for which P (⃗a) ≠ 0.

B. Shift Detection in the Presence of Noise In the ideal case, the absolute value of the ratio (8) is equal to 1. In real life, the measured intensity values have some noise in them. For example, the conditions may slightly change from one overflight to another, which can be represented as the fact that a “noise” was added to the actual image.

In the presence of noise, the observed values of the intensities may differ from the actual values; as a result, their Fourier transforms also differ from the values and hence, the absolute value of the ratio (8) may be different from 1.

We can somewhat improve the accuracy of this method if, instead of simply processing the measurement results, we take into consideration the additional knowledge that the absolute value of the actual ratio (8) is exactly equal to 1. Let us see how this can be done.

Let us denote the actual (unknown) value of the value e^{2π·i·(⃗ω·⃗a)} by r. Then, in the absence of noise, the equation (5) takes the form F^′(⃗ω) = r · F(⃗ω). (9) In the presence of noise, the computed values F(⃗ω) and F^′(⃗ω) of the Fourier transforms can be slightly different from the actual values, and therefore, the equality (9) is only approximately true: F^′(⃗ω) ≈ r · F(⃗ω). (10) In addition to the equation (10), we know that the absolute value of r is equal to 1, i.e., that

|r|^2 = r · r^∗ = 1, (11)

where r^∗ denotes a complex conjugate to r.

As a result, we know two things about the unknown value r:

• that r satisfies the approximate equation (10), and • that r satisfies the additional constraint (11).

We would like to get the best estimate for r among all estimates which satisfy the condition (11). We have already argued that to get the optimal estimate, we can use the Least Squares Method (LSM). According to this method, for each estimate r, we define the error E = F^′(⃗ω) − r · F(⃗ω) (12) with which the condition (10) is satisfied. Then, we find among all estimates which satisfy the additional condition (11), a value r for which the square |E|^2 = E · E^∗ of this error is the smallest possible.

The square |E|^2 of the error E can be reformulated as follows: E · E^∗ = (F^′(⃗ω) − r · F(⃗ω)) · ( F^{′∗}(⃗ω) − r^∗ · F^∗(⃗ω) ) = F^′(⃗ω) · F^{′∗}(⃗ω) − r^∗ · F^∗(⃗ω) · F^′(⃗ω)− r · F(⃗ω) · F^{′∗}(⃗ω) + r · r^∗ · F(⃗ω) · F^∗(⃗ω). (13) We need to minimize this expression under the condition (11).

For conditional minimization, there is a known technique of Lagrange multipliers, according to which the minimum of a function f(x) under the condition g(x) = 0 is attained when for some real number λ, the auxiliary function f(x) + λ · g(x) attains its unconditional minimum; this value λ is called a Lagrange multiplier.

For our problem, the Lagrange multiplier technique leads to the following unconditional minimization problem: F^′(⃗ω) · F^{′∗}(⃗ω) − r^∗ · F^∗(⃗ω) · F^′(⃗ω)− r · F(⃗ω) · F^{′∗}(⃗ω) + r · r^∗ · F(⃗ω) · F^∗(⃗ω)+ λ · (r · r^∗ − 1) → min . (14)

We want to find the value of the complex variable r for which this expression takes the smallest possible value. A complex variable is, in effect, a pair of two real variables, so the minimum can be found as a point at which the partial derivatives with respect to each of these variables are both equal to 0. Alternatively, we can represent this equality by computing the partial derivative of the expression (14) relative to r and r^∗. If we differentiate (14) relative to r^∗, we get the following linear equation: −F^∗(⃗ω) · F^′(⃗ω) + r · F(⃗ω) · F^∗(⃗ω)+ λ · r = 0. (15)

From this equation, we conclude that r = F^∗(⃗ω) · F^′(⃗ω) F(⃗ω) · F^∗(⃗ω) + λ . (16)

The coefficient λ can be now determined from the condition that the resulting value r should satisfy the equation (11). The denominator F(⃗ω) · F^∗(⃗ω) + λ of the equation (16) is a real number, so instead of finding λ, it is sufficient to find a value of this denominator for which |r|^2 = 1. One can easily see that to achieve this goal, we should take, as this denominator, the absolute value of the numerator, i.e., the value |F^∗(⃗ω) · F^′(⃗ω)| = |F^∗(⃗ω)| · |F^′(⃗ω)|. (17) For this choice of a denominator, the formula (15) takes the following final form: r = F^∗(⃗ω) · F^′(⃗ω) |F^∗(⃗ω)| · |F^′(⃗ω)| . (18)

So, in the presence of noise, instead of using the exact ratio (8), we should compute, for every ⃗ω, the optimal approximation R(⃗ω) = F^∗(⃗ω) · F^′(⃗ω) |F^∗(⃗ω)| · |F^′(⃗ω)| . (19)

In the ideal non-noise case, the inverse Fourier transform P (⃗x) of this ratio is equal to the delta-function δ(⃗x − ⃗a), i.e., equal to 0 everywhere except for the point ⃗x = ⃗a. In the presence of noise, we expect the values of P (⃗x) to be slightly different from the delta-function, but still, the value |P (⃗a)| should be much larger than all the other values of this function. So, we arrive at the following algorithm for determining the shift ⃗a:

• first, we apply FFT to the original images I(⃗x) and I^′(⃗x) and compute their Fourier transforms F(ω) and F^′(ω);

• on the second step, we compute the ratio (19); • on the third step, we apply the inverse FFT to the ratio R(⃗ω) and compute its inverse Fourier transform P (⃗x); • finally, on the fourth step, we determine the desired shift ⃗a as the point for which |P (⃗x)| takes the largest possible value.

C. Application to Pavement Analysis We have applied the above referencing algorithm to pavement analysis, and it indeed leads to a automatic generation of high-quality combined master curve, a master curve which is comparable with the good manual combination by a skilled expert.

Acknowledgments This work was supported in part by NASA under cooperative agreement NCC5-209 and grant NCC 2-1232, by the Air Force Office of Scientific Research grants F49620-95-1- 0518 and F49620-00-1-0365, by grant No. W-00016 from the U.S.-Czech Science and Technology Joint Fund, and by NSF grants CDA-9522207, ERA-0112968, and 9710940 Mexico/Conacyt.

References

[1] S. H. Alavi and C. L. Monismith, “Time and temperature dependent properties of asphalt concrete mixes tested as hollow cylinders and subjected to dynamic axial and shear loads”, Asphalt Paving Technology, 1994, Vol. 63, pp. 152–181.

[2] R. Araiza, H. Xie, S. A. Starks, and V. Kreinovich, “Automatic Referencing of Multi-Spectral Images”, Proceedings of the IEEE Southwest Symposium on Image Analysis and Interpretation, Santa Fe, New Mexico, USA, April 7–9, 2002 (to appear).

[3] F. Garcia, R. Araiza, and B. Rzycki, “Towards optimal mosaicking of multi-spectral images”, Proc. 2nd Nat’l NASA Student Conference, Nashville, Tennessee, April 7–10, 2000.

[4] S. Gibson, An optimal FFT-based algorithm for mosaicking images, Master Thesis, Department of Computer Science, University of Texas at El Paso, December 1999.

[5] S. Gibson, V. Kreinovich, L. Longpré, B. Penn, and S. A. Starks, “Intelligent Mining in Image Databases, With Applications to Satellite Imaging and to Web Search”, In: A. Kandel, H. Bunke, and M. Last (eds.), Data Mining and Computational Intelligence, Springer-Verlag, Berlin, 2001, pp. 309–336.

[6] D. R. Hiltunen and R. Roque, “A mechanics-based prediction model for thermal cracking of asphaltic concrete pavements”, Asphalt Paving Technology, 1994, Vol. 63, pp. 81–117.

[7] D. R. Hiltunen and R. Roque, “The use of timetemperature superposition to fundamentally characterize asphaltic concrete mixtures at low temperatures”, In: G. A. Huber and D. S. Decker (eds.), Engineering Properties of Asphalt Mixtures and the Relationship to their Performance, American Society for Testing and Materials, Vol. STP 1265, Philadelphia, Pennsylvania, 1995.

[8] Y. H. Huang, Pavement Analysis and Design, Prentice Hall, Englewood Cliffs, New Jersey, 1993.

[9] P. J. Huber, Robust statistics, Wiley, New York, 1981. [10] E. P. Klement, Radko Mesiar, and E. Pap, Triangular Norms, Kluwer Academic Publishers, Dordrecht, 2000.

[11] G. Klir and B. Yuan, Fuzzy Sets and Fuzzy Logic:

Theory and Applications, Prentice Hall, Upper Saddle River, NJ, 1995.

[12] O. Kosheleva, V. Kreinovich, B. Bouchon-Meunier, and R. Mesiar, “Operations with Fuzzy Numbers Explain Heuristic Methods in Image Processing”, Proceedings of the International Conference on Information Processing and Management of Uncertainty in Knowledge-Based Systems IPMU’98, Paris, France, July 6–10, 1998, pp. 265–272.

[13] H. T. Nguyen and V. Kreinovich, Applications of continuous mathematics to computer science, Kluwer, Dordrecht, 1997.

[14] H. T. Nguyen, V. Kreinovich, and B. Bouchon- Meunier, “Soft Computing Explains Heuristic Numerical Methods in Data Processing and in Logic Programming”, Working Notes of the AAAI Symposium on Frontiers in Soft Computing and Decision Systems, Boston, MA, November 8–10, 1997, pp. 40– 45. [15] H. T. Nguyen, V. Kreinovich, and B. Bouchon- Meunier, “Soft Computing Explains Heuristic Numerical Methods in Data Processing and in Logic Programming”, In: L. Medsker (ed.), Frontiers in Soft Computing and Decision Systems, AAAI Press (Publication No. FS-97-04), 1997, pp. 30–35.

[16] H. T. Nguyen, V. Kreinovich, and P. Wojciechowski, “Strict Archimedean t-Norms and t-Conorms as Universal Approximators”, International Journal of Approximate Reasoning, 1998, Vol. 18, Nos. 3-4, pp. 239–249.

[17] H. T. Nguyen and E. A. Walker, First Course in Fuzzy Logic, CRC Press, Boca Raton, FL, 1999.

[18] B. S. Reddy and B. N. Chatterji, An FFT-based technique for translation, rotation, and scale-invariant image registration, IEEE Transactions on Image Processing, 1996, Vol. 5, No. 8, pp. 1266–1271.

[19] S. Srikrishnan, R. Araiza, H. Xie, S. A. Starks, and V. Kreinovich, “Automatic referencing of satellite and radar images”, Proceedings of the 2001 IEEE Systems, Man, and Cybernetics Conference, Tucson, Arizona, October 7–10, 2001, pp. 2176–2181.

[20] H. M. Wadsworth, Jr. (eds.), Handbook of statistical methods for engineers and scientists, McGraw-Hill Publishing Co., New York, 1990.

[21] H. Xie, N. Hicks, G. R. Keller, H. Huang, and V. Kreinovich, “Automatic image registration based on a FFT algorithm and IDL/ENVI”, Proceedings of the ICORG-2000 International Conference on Remote Sensing and GIS/GPS, Hyderabad, India, December 1-4, 2000, Vol. 1, pp. 397-402.

[22] J. F. Young, S. Mindess, R. J. Gray, and A. Bentur, Science and Technology of Civil Engineering Materials, Prentice Hall, Englewood Cliffs, New Jersey, 1997.