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Abstract 

Portable Electronic Nose (E-Nose) is a device that mimics human olfactory system 
and can be carried around for an “on-line” detection of lard in food. The objectives of 
this study wass to optimize process parameters for the determination of lard 
detection quantitatively. This study was important to increase the performance of the 
device in an efficient manner. The optimum conditions for the detection of lard were 
determined using Historical Data Design in Response Surface Methodology (RSM). 
This design was used to investigate the effects of the analytical conditions, namely 
weight (g), temperature (°C) and time (min). These parameters were found to give a 
positive effect on the sensor response, which plays an important role in the 
increment of the sensor response. While Analysis of Variance (ANOVA) shows that 
the selected quadratic model was significant with Fisher value of 40.77, as it 
adequately represented the data obtained. Moreover, regression analysis showed 
that 96% of the total variation was successfully explained by the models. Optimum 
process parameters generated by Design Expert 7.1.5 shown that 0.2g of lard is the 
minimum weight can be detected at 50°C for 3 minutes. Hence, this study had 
successfully optimized the process parameters using RSM for the presence of lard 
adulteration in food. 

Keywords: Lard, Optimization process, Portable E-Nose, Response Surface 
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INTRODUCTION 

Lard is a pig fat, which is a common pork derivative that is used in a food production 
as an emulsion, shortening, or as a substitution of butter, margarine or cooking oils. 
While an electronic nose (E-Nose) is basically a device that is used to detect volatile 
organic compounds (VOCs), which is based on the principle of mimicking human’s 
olfactory system. The problem with adulterating such compound in food is for 
economic purposes since it is cheaper compare to other fats and can be added to 
increase the quantity of the product. To check for the presence of lard, a portable E- 
Nose (Fig. 1) was designed so that consumers can carry the device around for a 
rapid detection of such compound. Process parameters used in this study are weight 
(g), temperature (°C) and time (min) with the hypothesis of higher the value of the 
parameters, higher the sensor response will be recorded from the portable E-Nose. 
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For the improvement of the detection process, analysis based on the Design of 
Experiment (DoE) can be used as one of the analysis methods available for 
optimization (Sukthoryna & Tannock, 2005). For instance, significant parameters and 
process settings were obtained and optimized from the response generated by the 
software (Montgomery, 1997). When designing an experiment, changes of input 
process should be made, in order to get desirable corresponding changes in the 
output process (Antony, 2003). 

DoE is also an important step to increase performance and quality of the products, in 
more efficient manner. Having to design an experiment gives many benefit to 
researcher, product developer and manufacturer. This will help those in the industry 
to obtain desired process that leads to time and cost saving. Sukthoryna and 
Tannock (2005) discussed the vital reason of implementing DoE in every research, 
which is because the experiments conducted based on an actual process may 
disrupts the plant operation and can be uneconomic. Hence, by implementing the 
optimization analysis using DoE, it is hoped to overcome those problems. 

Generally, there are many options can be chosen from the DoE depends on the type 
of analysis desired. One of the ways to design an experiment is by choosing a 
method called Response Surface Methodology (RSM). For this experiment, this 
method was chosen since three types of numerical parameters were being tested 
and analyzed in this study. Kleijnen (1995) described this tool as being objective, 
efficient and effective for analysis. RSM was used to find an optimum value of the 
sensor response whilst minimizing power consumption, yet give maximum response. 
This method is considered as effective in optimizing the process parameters, which 
requires both mathematical and statistical analysis based on the multivariate non- 
linear model (Meryemoğlu, Hasanoğlu, Kaya, Irmak, & Erbatur, 2014). Despite of 
having many types of experimental design, RSM gives many advantages especially 
in terms of time requirement (Meryemoğlu et al., 2014). As a result, DoE and RSM 
have gained in popularity as tools in optimization process (Xiao, Lu & Ma, 2010; 
Wang & Hsu, 2009), thus were chosen for the analysis of lard detection in this study. 

 
MATERIALS AND METHODS 

1.1 Materials 

Lard or pig fat used in these studies was bought from a local slaughterhouse in 
Setiawanga, Kuala Lumpur, Malaysia. Lard used in this study was from the pig’s 
kidney, which is also called as leaf lard. The portable E-Nose used for the detection 
of raw lard was designed and fabricated in the laboratory. While the sensor used in 
the E-Nose development was the metal oxide sensor purchased from Figaro 
Engineering Inc. (Japan). 

 
2.2 Methods 
2.2.1 Experimental set-up 

First, the fresh, raw lard was washed to clean any other contaminants such as blood 
traces. The fat was weighed to get the desired amount of lard; 0.2g, 0.4g and 0.6g. 
No chemicals were added to preserve the lard since it will alter the taste and 
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structure of the fat. A set of lard with different weights was put inside the chamber of 
the portable E-Nose, on top of an aluminium plate. Then, the temperature of the 
peltier was set to get the desired temperature inside the chamber according to the 
parameters (30°C, 40°C and 50°C). This is important to ensure that drier air is 
produced inside the chamber so that the volatile compound generated is fast enough 
and would give rapid detection of the aroma. Then the reading was taken from 3 
minutes to 15 minutes. Later, the exhaust fans were switched on after every reading 
to “wash away” any trace of VOCs in the chamber. 

 
2.2.2 Optimization Process 

For optimization part, DoE had been employed in this study and it was implemented 
using Design Expert version 7.1.5. The main concept of the optimization process 
was to check the maximum sensor response at particular weight of lard, using the 
portable E-Nose prototype. The process parameters were optimized and checked for 
its influence towards the experiment using RSM. After obtaining the result, the 
highest sensor response was chosen and the three parameters at this particular 
response were used for optimization. 

 
RESULTS AND DISCUSSION 

Portable E-Nose was used to check the sensitivity of the sensor used for the 
detection of lard compound. Each gram of samples were tested at different time and 
temperature based on 0.2 to 0.6g of lard with 0.2g increment, and shows an 
increment based on a sensor response, in terms of an analog value. Standard 
Operating Procedure (SOP) for the detection of lard using the portable E-Nose is 
relatively simple, which any layman can operate the device. After the screening 
process, analysis of results was done based on Historical Data Design in RSM. This 
analysis was further carried out to get the optimum analytical conditions for the 
determination of lard detection quantitatively. The 2D contour plots and 3D response 
surface will also be discussed later to study the effects of the independent factors on 
the targeted response. 

 
3.1 Screening Process 

Optimization process was done based on the DoE using Design Expert software. 
Based on the Design Summary in Table 1, three factors have been defined as the 
process parameters which are, representing by their alphabetical factor; weight [A], 
temperature [B], and time [C]. From the design summary, low actual and high actual 
of the parameters represents minimum and maximum values of the parameters, 
respectively. From the Historical Data design, 27 runs were recorded with analog 
number as the sensor response. From the result shown in Table 2, it was observed 
that as the lard’s weight and temperature inside the chamber increased, the analog 
reading has also increased. Such results obtained from the generation of Volatile 
Organic Compound (VOC) released by the sample with the aid of peltier at different 
temperature (30°C, 40°C and 50°C). It was found that different weights of lard gives 
different analogue value which proven the hypothesis of having higher  weights 
tested will result in higher analogue value, as a result of having more concentrated 
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VOCs in the portable E-Nose’s chamber. Sensor response recorded was the 
averaged result from the triplicates reading of three responses of the detection. 

The device has shown an increment in terms of the analogue number after ±5 
seconds, depending on the weight of lard tested. The higher the weight, with high 
temperature, the faster the sensor response increased. From the data, the lowest 
weight at the lowest temperature and time gives the lowest response of 478, whilst 
the highest process parameters resulted in the highest sensor response of 532. This 
shows that all three parameters play an important role in the detection of raw lard 
using the portable E-Nose. 

One of the advantages of using this device compared to the laboratory E-Nose is 
that it requires no pattern recognition techniques such as Principal Component 
Analysis (PCA), Artificial Neural Network (ANN) (Ali et al., 2012), Linear 
Discrimination Analysis (LDA) and Hierarchical Cluster Analysis (HCA) (Abdullah et 
al., 2012; Jha & Yadava, 2011; Mamat et al., 2011). These multivariate analyses are 
the most common analysis used prior to using laboratory E-Nose which it was used 
for data processing. The pattern recognition techniques were used by other studies 
to recognize the patterns and later generalize them into recommendation action, 
which in this case to grouped the same pattern for lard detection. The portable E- 
Nose prototype designed and used in this project need no such recognition 
techniques since the result was directly displayed on the LCD screen of the device. If 
any lard compound detected by the sensor, the device will show the result “on-line”. 

 
3.2 Analysis of Variance (ANOVA) 

An Analysis of Variance (ANOVA) is a statistical tool used to identify significant 
parameters based on the voltage output recorded. This tool is important to test the 
accuracy of the result. From Table 3, Fisher (F) value is used to distinguish the 
factors that can considerably affect the quality characteristic (Wang et al., 2013). 
While the results of mean square are from the sum of squares divided by the Degree 
of Freedom (df). 

In statistical analysis, Fisher variance ratio, or F-value is used to compare statistical 
model and to identify the best fits of a model. From Table 3, F-value of 40.77 implies 
that the model is actually significant at 5% significance level. In relations to this, it 
was concluded that there is only 0.01% chance that the model this large could occur 
due to noise. The principle behind this F-test is that, it gives statistically valid 
measure of how well the factors describe the variation in the mean of the data. The 
greater the F-value from 1 the better the factors explain the variation in the data 
about its mean, and the estimated factor effects are real (Mannan, Fakhrul-Razi & 
Alam, 2007). From the data, it can be concluded that temperature is the most 
influential factor in explaining the variation in the data about its mean since it has 
much higher value compare to other factors, with 101.22. 

The P-values are used as a tool to check the significance of each of the factors 
which, in turn, are necessary to understand the pattern of the mutual interactions. P- 
values that are less than 0.0500 indicate that the model terms are significant. The 
lesser the P-value than 0.05, the bigger the significance of the corresponding factor 
observed (Liu, et al., 2003). Based on this principle, factor of weight (A), temperature 
(B), time (C), interaction between weight and temperature (AB), interaction between 
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weight and time (AC), temperature and time (BC), the square term of weight (A2), the 
square term of temperature (B2) and square term of time (C2) of the model terms are 
found to be significant. The term of square weight and temperature is not significant 
because the p value was larger than 0.05. However, in this study, all terms were 
included due to the significance of the overall model. From the ANOVA analysis, all 
factors have less than 0.1 of P-value, which also means that the sample mean is not 
far apart. Hence, no model reduction required to improve the process. 

From the correlation analysis as shown in Table 4, the coefficient of determination, 
R2 is found to be relatively high as the value determined by DoE technique is 0.9622. 
This showed 96% of the total variation in y-axis was successfully explained by the 
linear relationship between x and y. Thus, only 4% of the total variation remain 
unexplained. Aside from that, adjusted R2 and predicted R2 were also provided by  
the software which is 0.9386 and 0.8855, respectively. Those values are 
considerably high since the values are close to 1.00 and it is therefore, in reasonable 
agreement that the models were actually adequate and significant. 

Apart from that, an adequate precision as shown in Table 4 is used to compare the 
range of the predicted value with the average prediction error (Benyounis, Olabi, & 
Hashmi, 2005). In other words, it is used to measure the signal to noise ratio. The 
value produced from the DoE was 24.029, which are much greater than the 
minimum requirement of 4.0. This indicates that the signal is adequate for model 
discrimination which concluded that it can be used to navigate the design space. 

While for Coefficient of Variation (CV), it is defined as a degree of precision which 
the means were compared and the reproducibility of the model were measured 
(Agarry & Ogunleye, 2012). Lower value of CV means greater reliability of the 
experimental performed. For this particular test, CV value is very low with 0.77%, 
which indicated a greater reliability and precision of the experiments performed. CV 
is only reproducible if the value is not more that 10% (Agarry & Ogunleye, 2012). 

 
Standard deviation is also important in ANOVA to check the experimental error occur 
during the experimental process. From the error analysis generated by Design 
Expert software, it was shown that the error is considerably low with 3.81. This 
means that the size of the experimental error is only 3.81 of the variance. 

 
3.3 Optimization Process 

For optimization part, criteria of the process parameters and the sensor response 
need to be defined before the Design Expert software can produce the optimization 
solutions. Such criteria is shown in Table 5. The goal for weight (g) was set to “Equal 
to” 0.2g since for screening process, the lowest weight can be detected by the 
sensor was 0.2g, as what has been discussed. Whereas, other parameters and the 
response were set to “In range” so the software can gives the solution within the 
range of the values defined. However, lower and upper limits of the sensor response 
was set within 474 to 518 since these values were the responses recorded from the 
experiments for 0.2g of lard. 

Later, the software had produced several optimization solutions which can be used 
during validation and screening process as shown in Table 6. After considering 
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several aspects such as specific temperature and minimum time for volatile 
compound generation of lard’s aroma, run 1 was chosen with desirability of 1.00.The 
main reason of choosing Run 1 is mainly because of its applicability and time 
consumption. From all optimization solutions, the software indicates that 3.00 
minutes can be used to generate the odour from lard. The portable E-Nose is using a 
lithium polymer battery that is rechargeable, and when operating the device at 3 
minutes time, it will save the power and consumers can use the device for lard 
detection for several runs. The performance of the detection by the gas sensor itself 
was supported by the peltier or hot plate that gives the temperature value of 50°C. 
This temperature cannot be adjusted like the one suggested by the DoE software for 
Run 9 and Run 10. The maximum temperature from the screening and optimization 
part was found to be the most influential factor for the generation of the VOC of the 
sample. 

The 3D response surface plots described by the regression model were generated to 
illustrate the effects of the independent factors and the interactive effects of each 
independent factor on the targeted response. The shape of the corresponding 2D 
contour plots indicates the significance of the mutual interactions between the 
independent variables. An elliptical contour plots indicates that the interactions 
between the independent factors are significant. While a circular contour plot 
indicates that the interactions between related factors are negligible (Mannan, et al., 
2007). By analyzing the 3D response surface plots and the corresponding 2D 
contour plots, the optimal values of the independent factors could be observed, and 
the interaction between each independent factor can be easily understood (Li, Cui, 
Liu, Xu & Zhao, 2007). 

Fig.2 shows both plots of the interaction between time (min) and weight (g) on 
sensor response. These graphs were illustrated when the temperature was set at 
constant value of 50°C. Apart from that, Fig. 3 shows the interaction between time 
and temperature when weight is 0.2g, while Fig. 4 shows an interaction between 
weight and temperature when time was set at 3.00 minutes. Graphical figures 
generated by the Design Expert software showed 2D contour plots and 3D response 
surface that indicates the optimum value located at the edge of both plot, highlighted 
by the red indicator on the graph. It should be noted that three edges of the 3D 
surface response are facing downward, illustrating that the optimum response, 
shown by the red indicator, were located at one edge of the graph. Such result 
occurred due to the increment of the sensor response. Such conclusion derived as a 
result of the responses at 0.2g of lard showing an increment without settling down, 
as what happened during the detection of 0.2g and 0.4g of lard. From the response 
surface analysis, the optimum sensor response was found to be around 497.61. This 
response is lower than the maximum response detected for 0.6g of lard which is 532. 

 
CONCLUSION 

This study has successfully optimized the analytical conditions for the determination 
of lard detection quantitatively. It was found that all three parameters are important in 
determining the sensor response from the screening process. However, when 
analysed using ANOVA, temperature (°C) is found to be the paramount parameter 
that affected the sensor response. The lowest weight of lard can be detected by the 
portable E-Nose was 0.2g at 30°C, whilst the highest detection recorded was 0.6g at 
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50°C. The hypothesis of the highest weight of lard resulted in the highest sensor 
response recorded has also successfully achieved. The data that was obtained from 
the screening process was later analysed using RSM of Design Expert. Based on 
ANOVA generated from Historical Data Design, the experimental model is significant 
with the value of Fisher variance ratio recorded is 40.77. Apart from that, the 
correlation coefficient obtained from the experiment was 0.9622 which shows that 
the variables are highly associated with each other. While for the optimization 
process, the optimum temperature and time generated by the statistical analysis is 
50°C and 3 minutes, respectively. Both 2D contour plots and 3D response surface of 
the interaction between the process parameters could be observed and easily 
understood. Hence, the accuracy and reliability of the portable E-Nose had 
successfully proven as the device can easily detect the presence of lard, which will 
later give many benefits to the consumer since it produce a real time detection of the 
sample. 
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