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Abstract: the determination of thermophysics properties of materials by the Flash Laser Method depends, 
fundamentally of the dynamic temperature measurement quality. The available standards for temperature measurement 
systems calibration just evaluate uncertainties for static measurements. The resulting uncertainties estimation of the 
dynamic process can be made basing on the transfer function, resulting from systems identification methods. In this 
work was determined the transfer function of an infrared temperature measurement system using the Least Square and 
the Instrumental Variables techniques for the system identification. The knowledge of the dynamic characteristics of 
this measurement system, allowed obtaining a better estimation of the temperature transient and their uncertainties by 
the signal deconvolution. 
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1. Introduction 
 

The dynamic temperature measurement refers to all experiments in which thermal transients occur and were 
measured by a sensor. Transients can be generated due to temperature variations in the medium, in the sensor or in the 
own tested material. The dynamic errors are caused by the measurement system inertia (measurement system incapacity 
to follow the true temperature variation signal), feedback effects and the system relative sensitivity in frequency and in 
level of signal. The minimization of measurement dynamic uncertainties can be implemented when the dynamic 
properties of the sensor are known. This process is called signal deconvolution. Thus, the true transient of temperature 
can be recovered by the elimination of the measurement system influence. 

The characterization and knowledge of the dynamic uncertainties is the key piece to define the levels of confiability 
of a dynamic measurement result. Therefore, its use is not restricted to the temperature measurement, being also applied 
to any other type of physical phenomena in which transients are observed during the phenomenon measurement. 

This work has for objective a presentation of a methodology to determine the dynamic properties of temperature 
sensors in fast transient measurements. First, a transfer function is determined, and a dynamic correction is estimated 
with the objective to attenuate the effect introduced by the measurement system during the test process. The transfer 
function of a non-contact thermometer was determined based on identification system techniques. The Least Square 
(LS) method and Instrumental Variables (IV) estimators were used. The knowledge of the dynamics of a measurement 
system allowed a better estimate of true temperature in real time and their uncertainties. This methodology has been 
used by the Centro de Desenvolvimento de Tecnologia Nuclear - CDTN, organ of the Comissão Nacional de Energia 
Nuclear – CNEN, to minimize the dynamic uncertainties of an IR thermometer of the Laboratory for thermophysics 
properties determination by Flash Laser Method. 
 
2. Methodology for System Identification 

 
The Figure (1) presents, schematically, the experimental apparatus of CDTN Laboratory used to determine 

thermophysics properties of materials. The assembly bench has basically a CO2 LASER, one sample holder located in 
the interior of a small tubular oven, a non-contact IR temperature measurement system and a data acquisition system. 

The signal deconvolution recovers the true temperature transient occurring in the sample. This transient is directly 
related to the themophysics properties of the sample. 

The system identification analyzes the transitory response observed in the system output when test signals are 
applied on the system input. Countless techniques that use different test signals and the most common signals are the 
step, the pulse and the ramp and they are widely studied in the modern control theory. 

The test signal in the system input was applied by a heated surface at constant temperature that was read by the IR 
detector only when a shutter, positioned between the detector and the heated surface, was abruptly removed. The time 
for shutter removal is 0.1s. A ramp with 0.1s of slope time was considered as the input signal, where the minimum and 
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maximum temperature levels were defined by the temperature differences between the shutter surface and the heated 
surface,  
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Figure 1. Schema of thermophysics properties determination bench. 
 
The application of the input signal is the most critical part for system identification methods. Ideal steps are difficult 

to be obtained and they request appropriate equipment. In some cases, other types of more appropriate signals like 
ramps, pulses, PRBS signals or any well known signal can be used. 

After the application of a temperature step on input and reading the output signal of measurement temperature 
system, the process of system identification that will generate a transfer function for the system can start. The process 
analyzes the output signal according with the type of input signal and several techniques are proposed in the literature 
(Michalski et al., 1991; Ogata, 1998; Aguirre, 2000; Kim, 2001). All techniques have as objective a description of the 
system output in function of the model variables. This analysis can be accomplished in the frequency domain, adapting 
a transfer function G(s) in the form showed in Eq. (1). 
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where k is the signal level in steady state region, td is the dead time of the system, τ represents the of the transfer 

function poles and n indicates the order of the analyzed system. 
The transfer function in the frequency domain (s), can be transposed to the time domain (t) through the Anti-Laplace 

Transform. 
The system transfer function (Eq. 1) can be represented by discreet form on the time. In agreement with Aguirre 

(2000) the discreet representations are especially appropriate to systems identification when algorithms are used to 
estimate the system parameters. The Equation (2) presents a widespread form of discreet representation: 
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where y(k) it is the system output, u(k) it represents an external input and n(k) is the white noise. Considering q-1 a 

delay operator, so that y(k)q-1=y(k-1) and A(q), B(q), C(q), D(q) and F(q) are the polynomials defined as: 
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The application of system identification techniques for sensor parameter estimation has allows a dynamic calibration 

of the system output signal. Digital data compensation can be implemented. This digital compensation uses the inverse 
transfer function to determine the true value of the measurement (Dénos and Sieverding, 1997; Paniagua and Dénos, 
2002). 

 
 



 
4. System Identification and Parameters Estimate Methodology 

 
The data window used to estimate the system parameters must represent all characteristics of the system when 

excited by a test signal. The characteristics of the signal applied as a test signal to this temperature measurement system 
are: 

Temperature = 39.6 ºC for time = 0 seconds; 
Ramp of Temperature; 
Temperature = 93.1 ºC for time > 0.1 seconds. 
Due to the lack of a reference temperature sensor for determination of the true input signal applied to the system, an 

estimate of this signal was made based in practice and experience. 
Considering as hypothesis, that the system is linear, the test signal parameters can be the following temperature 

landings: 
Temperature = 0 ºC for time = 0 seconds; 
Ramp of Temperature; 
Temperature = 53.5 ºC for time > 0.1 seconds. 
Based on this model same conclusions can be made. Firstly, the system identification at this level of temperature 

variation (53.5 ºC ) can be used to describe the system characteristics for different input levels. Besides, it is capable to 
describe the system characteristics when excited by any other signal. 

A validation procedure for any system excitation conditions needs to consider the model a good model. In this phase 
some problems of system identification can become evident, as, for instance, the choice of the test signals and the 
system linearity. 

If one considers this thinking and recognizes the practical limitations pertinent to each system identification process 
(in this case a single data window and a single test signal), an identification process was proposed using a Least Square 
(LS) Estimator. To compare the results, other system identification process using Instrumental Variable (IV) was 
applied to the system. 
 
5. Results 
 
5.1. Dead Time Estimation 

 
The dead time estimation for the analyzed system could be made using the cross correlation function (CCF) between 

the input and the output of the system. However, the data window used has a low noise level that allow an easy dead 
time estimation that is given by the instant that the system begins to answer the signal applied on the input. 

The window of data shown in the graph of the Fig. 2 presents the system output to the temperature input signal 
mentioned previously. This figure shows a typical supercritical system, the value of dead time is around 0.05 seconds.  
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Figure 2. System output to an input in ramp. 



5.2. The System Identification using the Least Square Estimator 
 
The identification process using Least Square Estimation (LSE) was initially chosen due to its simple 

implementation and noise robustness. This last characteristic is not observed by identification that uses simply-output 
signals convolution. 

Initially, a 10th order model was proposed, where 10 regressive outputs and 10 regressive inputs signals were 
considered. In the sequence, models of 20th, 5th, 2nd and 1st order were obtained. The validation of the model is based on 
the output signal deconvolution that should tend to the true input signal. The best result of these simulations is presented 
in the Fig. 3 and Fig 4. 
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Figure 4. Zoom on In
20th order ARX model
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Among the analyzed models, the smaller least square deviation between the input-output signals after deconvolution 

was presented for the 20th order model. Using this choice criterion, the system identification using 20 regressive inputs 
and 20 regressive outputs signals was the best model for the IR temperature measurement system presented in this 
work.  

For the LSE models presented an excellent adaptation was observed to make dynamic corrections of experimental 
data. These corrections were based on the deconvolution of the signal supplied for the temperature measurement system 
that was previously identified. From the elimination of the influence of the measurement system, a dynamic 
uncertainties minimization of the measurement process was possible, and the true temperature transient occurred on the 
samples were recovered. 

 
5.3. Validation Process 

 
By definition, the residues of those model types tend to be a noise estimation and, so that, the LSE doesn't present 

polarization in the parameters determination, the error on the regression equation should be a white noise. Therefore, 
the residues should present white noise characteristics. By this way, the residues autocorrelation functions were 
calculated by the models of order 20th, 10th, 5th, 2nd and 1st based on LSE to evaluate the random characteristic of the 
residues. All residues presented a random characteristic as showed in the Fig. 5. All of the mentioned models presented 
quite similar autocorrelation functions, so this analysis could not chose the best one among them. The residues analysis 
allowed obtaining a guarantee of correct parameter estimation for the models, eliminating the occurrence of estimation 
errors. 
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After the system identification by IVE models, some difficulties were observed during the signal deconvolution 
process. The Matlab Program presented singularity problems in matrix for the accuracy demanded during the matrix 
inversion on the signal deconvolution. By this way, the IVE and LSE models performances comparison were not 
possible. 

 
Table I – Importance level classification of each regression term of a model with 20 regressive inputs and 20 

regressive outputs.  
Regressive 

term 
Importance 

Level 
 Importance 

order 
Regressive 

term 
y(k-1) 1  1 y(k-1) 
y(k-2) 3  2 u(k-8) 
y(k-3) 33  3 y(k-2) 
y(k-4) 4  4 y(k-4) 
y(k-5) 36  5 y(k-6) 
y(k-6) 5  6 u(k-14) 
y(k-7) 8  7 u(k-9) 
y(k-8) 38  8 y(k-7) 
y(k-9) 24  9 u(k-12) 

y(k-10) 28  10 u(k-11) 
y(k-11) 16  11 u(k-5) 
y(k-12) 40  12 u(k-1) 
y(k-13) 15  13 u(k-16) 
y(k-14) 21  14 y(k-20) 
y(k-15) 39  15 y(k-13) 
y(k-16) 27  16 y(k-11) 
y(k-17) 19  17 u(k-18) 
y(k-18) 20  18 u(k-13) 
y(k-19) 22  19 y(k-17) 
y(k-20) 14  20 y(k-18) 
u(k-1) 12  21 y(k-14) 
u(k-2) 23  22 y(k-19) 
u(k-3) 34  23 u(k-2) 
u(k-4) 26  24 y(k-9) 
u(k-5) 11  25 u(k-20) 
u(k-6) 37  26 u(k-4) 
u(k-7) 32  27 y(k-16) 
u(k-8) 2  28 y(k-10) 
u(k-9) 7  29 u(k-19) 

u(k-10) 31  30 u(k-17) 
u(k-11) 10  31 u(k-10) 
u(k-12) 9  32 u(k-7) 
u(k-13) 18  33 y(k-3) 
u(k-14) 6  34 u(k-3) 
u(k-15) 35  35 u(k-15) 
u(k-16) 13  36 y(k-5) 
u(k-17) 30  37 u(k-6) 
u(k-18) 17  38 y(k-8) 
u(k-19) 29  39 y(k-15) 
u(k-20) 25  40 y(k-12) 

 
6. Conclusions 

 
By considerations and hypotheses assumed on this IR temperature measurement system identification, this system 

was consider a linear system, used just a test signal and consider that the system was satisfactorily excited in level of 
signal and in frequency.  

The main problem of this identification is the inexistence of a temperature reference sensor, capable to determine the 
true input signal applied on the system. So, an estimate of this signal was made based on practical experience. 

The models based on IVE were sufficiently effective to estimate the parameter of the system. However, the 
validation process must make a comparison of IVE and LSE models by the signal deconvolution. For IVE models some 
limiting problems were observed on deconvolution process. By this way, systems identification by IVE was inadequate 
for dynamic corrections of transient data. 



 
The based models in LSE showed excellent performance to be applied for dynamic corrections on transient data. 

This correction is based on signal deconvolution process for the temperature measurement system previously identified. 
By eliminating the influence of the measurement system, a dynamic uncertainties minimization of the measurement 
process was possible, and the true unsteady temperature occurred on the samples was recovered. 

The residue analysis allowed obtaining a guarantee of correct parameter estimation for the models, eliminating the 
occurrence of estimation errors. 

An implementation of an algorithm for evaluation ERR index, that represents the error reduction rate, was obtained 
for inclusion of each model regression term. This criterion for model structure choice allows the quantification of the 
individual contribution of each regressive term. The Table I shows the order of classification of each regressive term 

The signal deconvoluction technique offered restrictions on the application for some estimator types and some 
model’s structures. The estimators must be of LSE (excluding the IVE) and the model’s structure must present for each 
regressive input an equivalent regressive output (excluding models optimized by the ERR index that usually presents a 
non equivalent input and output regressive terms). 

The characterization and knowledge of the dynamic uncertainties are the key pieces to define the confiability levels 
of a dynamic measurement result. Therefore, its use is not restricted to the temperature measurement, being also applied 
to any other type of physical phenomena where transients are observed during the phenomenon measurement. 

This work demonstrated the application viability of system identification methodology to determine the dynamic 
properties of temperature sensors in fast transient measurements, determining its transfer function, and estimate a 
dynamic correction with the objective to attenuate the effect introduced by the measurement system during the test 
process. The transfer function of a non-contact thermometer was determined based on systems identification techniques 
and LSE and IVE were used. The knowledge of the dynamics of a measurement system allowed a better estimate of true 
temperature in real time and their uncertainties. The Centro de Desenvolvimento de Tecnologia Nuclear - CDTN, organ 
of the Comissão Nacional de Energia Nuclear – CNEN, used these results in this paper to minimize the dynamic 
uncertainties of a IR thermometer of the laboratory of thermophysics properties determination by the Flash Laser 
Method. 
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