
Water concentration 

(%) 

Linear correlation 

coefficient for 

Copper sensor 1 

Linear correlation 

coefficient for 

Copper sensor 2 

Linear correlation 

coefficient for 

Nickel sensor 

0 -0.9969 -0.9928 -0.9975 

4,5 -0.9971 -0.9955 -0.9870 

5,5 -0.9977 -0.9878 -0.9903 

6,5 -0.9905 -0.9957 -0.9896 

The slope of the curve Period/Temperature was different for each sensor, but once fixed the sensor, different testing 

fluids compositions showed similar slope values. The Table 4 presents the slope angle of the curves obtained for 

different concentration for each sensor. 

Table 4. Slope angles of the fit curves for each sensor and concentrations of water.  

Water concentration 

(%) 

Slope angle of 

Copper sensor 1 

Slope angle of 

Copper sensor 2 

Slope angle of 

Nickel sensor 

0 -27.3 -16.6 -30.2 

4.5 -35.1 -20.4 -33.4 

5.5 -35.5 -21.2 -32.6 

6.5 -38.3 -28.3 -26.0 

Mean -34.5 -21.6 -30.5 

Despite small errors, the slope angles for each sensor are approximately the same for different proportions of water 

in the testing fluids. A large number of experiments would serve to increase the reliability of the average slope angle. 

5.2 Fluid classification with AdaBoost algorithm 

We present the results exploring two aspects. Firstly, we compared the total of hit rates obtained by using the 

monolithic structure, training up to 2000 AdaBoost rounds, with the hit rates obtained by using cascade structure. These 

results are shown by using ROC curves. From this approach it is possible to visualize that monolithic structure reached 

around 60% of hit ratio for 8,5% of false detection (Fig. 8) and the cascade structure reached 80% of hit ratio for the 

same rate of false detection (Fig. 9). The Figs. also that the classifier obtained by monolithic structure converged to a 

certain level no more than 60% even if the false detection increases. On the other hand, with cascade structure it is 

possible to calibrate the correct classification rate up to about 90% to the detriment of false detection increase. 

       

             

Figure 8. ROC curve obtained by Monolithic structure          Figure 9. ROC curve obtained by Cascade structure     

Secondly, we present the evolution obtained according to different rounds during the process. This gives an 

indication of performance as the more rounds of iteration the smaller the training error as well as test error. It is 

expected to converge to a certain level even if the number of rounds keeps increasing. For instance, Fig. 10 shows this 

analysis for the process with 700 samples on training set obtained by monolithic structure and Fig. 11 the results by 

using cascade structure. Over again, the results for the second one were better since the training error was eliminated 

and the test error dropped to level about 5%. It is also important to highlight that the number of rounds achieved by 

using cascade structure after run all layers was less than 650, which shows that its performance was better if compared 

to the first one. We have shown that this combination of algorithm and sensor network works to a reasonable accuracy. 

Table 3. Linear correlation coefficient among temperature and period for each sensor and concentrations of water. 

ABCM Symposium Series in Mechatronics - Vol. 5 
Copyright © 2012 by ABCM

Section VIII - Sensors & Actuators 
Page 1406



         Figure 10. Total error with monolithic structure.                     Figure 11. Total error with cascade structure. 

An advantage of using AdaBoost algorithm is that it can compile information of many different sensors very fast. 

Moreover, it can adapt more accurately to any sensor calibration curve, even if the curve has a complex or unusual 

shape. For instance, the relation between temperature and period presented in section 5.1 can be approximated to a 

straight line. However, unusual functions can be represented more by using AdaBoost, as long as there are enough 

samples in its training session. These benefits can be explored to improve the sensor calibration step in future. Summing 

up, these results have already shown the great potential of the sensor used with AdaBoost. In future work we intend to 

combine the microsensors, AdaBoost classifiers and a microprocessor with the purpose of dealing with the fuel 

adulteration problem. 

6. CONCLUSIONS 

Copper and Nickel microsensors responses indicated that fluids capacitance is directly proportional to the water 

content and inversely proportional to the liquid temperature. 

 The value of the linear correlation coefficient between temperature and sensor output signal period suggested that 

one can be related to the other by a linear function with minor error in the range of 5 to 25°C. It was also observed that, 

despite a little error, the slope angles for each sensor, in a curve temperature/period, are proximally the same for 

different proportions of water in the testing fluids. 

Finally, the use of pattern recognition combined with the proposed MEMS sensors showed good results in the 

analysis of ethanol fuel. The system presented 85% of correction classification analyzing the conformity or not of the 

prepared fluids with sensitivity of the order of 1% in the values of alcoholic concentration. The accuracy is currently 

limited by the number of training samples. 
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