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Detection of adulteration in ghee (Clarified butter fat) 

using electronic nose combined with multivariate 

analysis 

 
Mrinmoy Roy, Manoj D, S Shanmugasundaram and BK Yadav 

 
Abstract 
Ghee is rich in aroma characteristics, nutrition and the unique mouth feel plays a major role in cooking 

and human dishes. It is prone to adulteration with low cost substitute material of same nature by 

manufacturers to earn more money. The available adulteration detection methods of pure ghee were 

costly and time-consuming processes. Therefore, the use of an electronic nose (e-nose) tool as a rapid 

method for the detection of pure ghee adulteration with soybean oil has been investigated in this study 

with six different adulteration concentrations from 10 to 60% (w/w). The e-nose system consists of eight 

metal oxide semiconductor (MOS) gas sensors with different sensitivity and selectivity. The response 

signals of these sensors from e-nose analysis of all the pure and adulterated ghee samples were collected 

and thus subjected to multivariate analysis such as principal component analysis (PCA) and discriminant 

function analysis (DFA). The discrimination results for calibration set by PCA and DFA model was 

found to be 95.33% and 94.54%, respectively. The validation accuracy of e-nose system for unknown 

samples obtained from DFA model was found to be 87.50%. The results demonstrated that e-nose tool 

might be used as a rapid screening technique for the detection of adulteration in ghee. 

 

Keywords: Ghee, aroma, adulteration, e-nose, PCA, DFA 

 

1. Introduction 

Lipids are the main constituents of milk that play a major role in nutrition, aroma, physico-

chemical characteristics and financial aspects in dairy sector (Patel 2011) [12]. Milk fats are 

mostly consumed in the form of ghee (clarified butterfat) in Asian countries particularly in 

India. Ghee is considered to increase memory power, grasping power, controlling senses and 

strengthening them (Kaushik, Jain, and Rai 2016; Ayari et al. 2018) [8, 2]. Ghee, the only fat 

containing short chain fatty acids which is preferred over different fats predominantly due to 

being a significant source of fat soluble vitamins and essential fatty acids, aside from having 

unique aroma characteristics. 

Ghee is broadly prepared by four methods namely direct cream method, milk-butter method, 

creamery-butter method and pre-stratification method (Wadodkar, Punjrath, and Shah 2002) 
[24]. The milk-butter (traditional) method is more common among consumers in India for ghee 

manufacturing process. Ghee prepared by traditional method is believed to be more rich in 

unique aroma characteristics than the other industrial manufacturing processes and fetches 

greater cost (Wadodkar, Punjrath, and Shah 2002) [24]. The process involves churning the 

fermented milk which yields in butter. The butter is heated at 115 ℃ to evaporate water. As a 

result, golden yellow color ghee is formed which is strained using muslin cloth (Anil Kumar et 

al. 2018) [3]. 

Ghee adulteration is the process of intentional mixing of cheaper ingredients of same nature to 

pure ghee in various proportions, to earn more profit by traders (Ayari et al. 2018) [2]. Pure 

ghee is being adulterated with cheaper substitutes like edible vegetable oils, hydrogenated fats, 

animal body fats and starchy substances (Amit Kumar 2008) [9]. This unethical and fraudulent 

practice is a serious problem which, must be assessed rigorously to identify the various 

adulterations in ghee. 

The methods available for the detection of various adulterations in ghee are based on 

chromatographic analysis (Rani et al. 2015) [13], spectroscopic analysis (Saleem 2020) [18], 

thermal analysis (Upadhyay et al. 2017) [23] and physicochemical analysis (Gandhi, Kumar, 

and Lal 2018) [3]. However, these traditional methods are time-consuming, costly and requires 

severe sample processing before routine laboratory analysis. 
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The above disadvantages emphasize in expanding biological 

olfaction technologies for food quality evaluation. 

Biological machine olfaction also called an electronic nose (e-

nose) mimics human nose (Wang et al. 2021) [25]. E-noses are 

being utilized for flavor analysis in foodstuffs with rapid and 

precise way with no sample processing. E-nose reacts to the 

volatile gases from headspace of foodstuffs which is being 

used as fingerprint for further processing (Wojnowski et al. 

2019) [26]. The most widely used sensors in e-noses are metal 

oxide semiconductor (MOS) gas sensors. The MOS type gas 

sensors have the advantage of low price, less response to 

moisture, highly stable towards chemicals, high sensitivity 

and long life (Sanaeifar et al. 2016) [19]. Post processing 

chemometrics, including but not limited to principal 

component analysis (PCA) and discriminant function analysis 

(DFA) are essential for classification and pattern recognition 

for the e-nose dataset to identify the quality of foods (Yu et 

al. 2009; Roy and Yadav 2021) [28, 15]. 

Ayari et al. 2018 [2] used an experimental type e-nose to 

detect adulteration ranges from 0% to 50% in pure cow ghee. 

The features of the obtained effects from e-nose were 

extracted and evaluated using PCA chemometric. The raw 

data was also studied for supervised classification technique 

such as neural network based on the values of obtained 

confusion matrix. The results of PCA explained 96% and 97% 

variance in the dataset for ghee adulterated with sunflower oil 

and cow body fat, respectively. In another research by Gaopu 

et al. 2015 [4], a FOX 4000TM e-nose was used to detect 

adulteration in honey. PCA was used to investigate the 

information variation characteristics of e-nose to understand 

how a sample varies from other samples. Also, the supervised 

classification with DFA by linear discriminant analysis 

(LDA) method was employed to study the ability of 

qualitative recognition of e-nose to identify various 

adulterations in honey. The results indicated a linear 

relationship between e-nose signals and various adulteration 

percent. A detailed review on MOS type gas sensor based e-

noses for identification of food adulteration can be mentioned 

in the article Roy and Yadav 2021 [15].  

As was mentioned above, e-noses combined with various 

chemometric methods has been considered an excellent tool 

for non-destructive food quality monitoring. In this study, an 

e-nose system consisting of MOS type gas sensor array with 

different sensitivity and selectivity was used to collect the 

fingerprint information which were further analyzed for 

pattern recognition and classification. Therefore, the aim of 

the present work was to detect adulteration in pure cow ghee 

with refined soybean oil using e-nose system as a rapid 

technique. 

 

2. Materials and methods 

2.1 Preparation of ghee samples 

The pure cow ghee samples were prepared using the direct 

cream method (Antony et al. 2018) [1]. The cow milk used for 

the preparation of ghee was procured from a local farmer of 

Thanjavur district in Tamil Nadu, India. The cream was 

separated from milk and heated in a tefflon coated pan with 

continuous stirring until it reaches 115 ℃. Thus, the moisture 

was evaporated fully and golden yellow colored ghee appears 

which was cooled down and kept at 4 ℃ until further use. 

 

2.2 Preparation of adulterated ghee samples 

A commercial brand of refined soybean oil was bought from 

the local supermarket of Thanjavur, which was used as an 

adulterant of ghee. Soybean oil was added to pure ghee, both 

in molten stage from 10% to 60% in 10% steps (w/w). 

 

2.3 Electronic nose setup 

The aroma fingerprints of ghee, soybean oil and adulterated 

samples were obtained using an electronic sensing system 

(ENOVISION, C-DAC, Kolkata, India) as shown in Figure 1. 

The system has two separate sections, namely e-nose and e-

vision. 

 

 
 

Fig 1: Enovision system 

 

The e-nose system primarily consists of three main units as 

sampling unit, detection unit and a control unit. The sampling 

unit includes a sample holder, an air pump, three two-way 

solenoid valves, and power supply. The customized sample 

holder is made of glass with an internal volume of 250 mL 

was used for e-nose data acquisition. The sample holder was 

fitted to the e-nose system by simple threaded fitting to 

provide an airtight environment. Solenoid valves ensure the 

smell does not pass through the specific lines until and unless 

assigned. The detection unit includes a sensor array, a suction 

blower, and a data acquisition card. The sensor array is the 

most important part of e-nose system which consists of eight 

MOS gas sensor (Figaro Engineering Inc., Japan) with 

different sensitivity and selectivity. The target gas 

applications of these sensors were described in Table 1. The 

fresh pumped air transfers the sample smell (headspace) 

towards the sensor array chamber. As soon as the volatiles 

come in contact with sensors, it responds to specific volatile 

compounds and the conductivity of these sensors increases. 

The data acquisition card converts the odor information to 

electrical signal as voltage values. Finally, the control unit 

includes a computer equipped with a controlled software 

system which was being designed using LabVIEW 2012 

environment. 

 
Table 1: Target gas applications of MOS sensors used for e-nose study 

 

MOS 

sensors 
Target volatile compounds 

Gas detection ranges 

(ppm) 

S1 
Chlorodifluoromethane (R22), dichlorodifluoromethane (R12), 1,1,1,2-tetrafluoroethane 

(R134a), ethanol 
100–3000 

S2 Ethanol and other VOCs 50−5000 
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S3 Ethanol, hydrogen, isobutane, CO, methane 200-10000 

S4 Butane, propane, LPG 200-10000 

S5 Methane, propane, butane 500–10,000 

S6 
Trichlorotrifluoroethane (R113), chlorodifluoromethane (R22), dichlorodifluoromethane 

(R12), trichlorofluoromethane (R11) 

100–3000 (R-113, R-22, R-

11, R-12) 

S7 CO, isobutane, ethanol, hydrogen, methane 100-10000 

S8 Methane, carbon monoxide, ethanol, hydrogen 1−30 

 

2.4 E-nose experimental methodology 

The e-nose measurement parameters were programmed as 

described by Saha et al. 2014 [16]. The entire sniffing was 

based on four cycles as heating time, headspace generation 

time, sampling time, and purging time. The pure and 

adulterated ghee samples of 50 g each in molten stage were 

placed in the sample holder and the measurements were taken. 

The sample holder containing ghee samples were heated 

based on illumination heating to generate the headspace with 

sufficient sample volatiles. The parameter setting on the entire 

sniffing cycle of the e-nose is as indicated in Table 2. The 

output responses (in voltage) from the sensor array was taken 

in millisecond-level (10 output values in 1 s). Ten replications 

were considered for each sample. The dataset used to pre-

process e-nose response was 8 x 80 x 1000 data matrix. The 

output values below and above the lower and higher range 

limit (called outliers) were removed from the raw datasets as 

described by (Sainis, Srivastava, and Singh 2018) [17]. 

 
Table 2: E-nose parameter setting for pure and adulterated ghee 

assessment 
 

Parameter Conditions 

Illumination heating (temperature and time) 60 ± 3 °C for 300 s 

Headspace generation time 30 s 

Sampling time 100 s 

Purging time 100 s 

 

2.5 Classification and pattern recognition 

For classification and pattern recognition of pure samples and 

adulterated ghee samples, chemometric analyses such as 

principal component analysis (PCA) and discriminant 

function analysis (DFA) were performed. The PCA and DFA 

(by LDA method) are extensively applied to discriminate the 

samples based on e-nose dataset and to identify adulterations 

(Yu et al. 2009; Shen et al. 2016; Yin and Zhao 2019; Okur et 

al. 2021) [28, 20, 27, 11]. These multivariate analysis methods help 

to identify the patterns of various samples with classification 

accuracy. Also, the testing of unknown samples can be 

identified based on the training of known samples by DFA 

method. OriginPro 9.5 (OriginLab Corporation) statistical 

software was used to perform the multivariate analyses. 

 

2.5.1 Principal component analysis 

The PCA is an unsupervised learning and dimensionality 

reduction technique that reduces large datasets into smaller 

ones by retaining most of the original information in the new 

data set in reduced form and identify the correlations and 

patterns among samples (Ayari et al. 2018) [2]. The PCA 

method explains the data in such a way, which highlights their 

similarities and differences by making clusters and illustrating 

the variances with classification accuracy in a score plot 

(Ghasemi-Varnamkhasti et al. 2012) [6]. In PCA score plot, 

each sample corresponds to each point, and different kinds of 

points correspond to different kinds of samples. 

The method creates new variables as linear combinations, 

which are called principal components (PCs). The PCs are 

calculated for each variable, indicating the distance of any 

variable from the calculated axis with a calculated Eigenvalue 

corresponding to the amount of variation explained by that 

axis (Karami, Rasekh, and Mirzaee-Ghaleh 2020) [7]. The PCs 

possess most of the data information that was scattered in the 

raw dataset. Each PC represents the variance direction in the 

data, with the largest variances are the most important. The X 

axis of PCA represents the first PC (PC1) with the most 

variance explained while the Y axis represents the second PC 

(PC2) with the second most variance explained. A loading 

plot in combination with the PCA score plot describes how 

strongly each variable influences to the sample 

discriminations (Wojnowski et al. 2019) [28]. 

 

2.5.2 Discriminant function analysis 

The DFA is also called canonical discriminant analysis 

(CDA) or linear discriminant analysis (LDA), or quadratic 

discriminant analysis (QDA), is a generalization of Fisher’s 

linear discriminant to find a linear combination of features to 

separate multi class objects. The DFA is a supervised 

multivariate analysis used to differentiate different sets of 

samples and assign new samples to the previously defined 

groups. The aims of the model are discrimination and 

classification. The DFA algorithm is evaluated by a technique 

called confusion matrix represented by predicted vs true value 

to summarize the quality of prediction (Okur et al. 2021) [11]. 

The DFA model builds a classifier to distinguish the samples 

from a known population. The emphasis is to distribute the 

unknown samples into the known groups with the classifier 

(Tohidi et al. 2018) [22]. 

The variable features are utilized to differentiate the unknown 

samples by maximizing the variance between groups and 

minimizing the variance within groups to improve the goal 

between clusters. The method utilizes the discriminant 

functions (DFs) to determine which group from the original 

dataset it would assign each sample in the final dataset. It 

ensures this via a cross-validation (leave-one-out) method, 

where the DFs are determined while eliminating one variable 

from the dataset. The DFs are then used to classify the 

variables into their individual groups. Hence, higher the 

correct classification of particular groups, the easier the 

sample group differentiation and vice-versa (Śliwińska et al. 

2016) [21]. 

 

3. Results and Discussions 

3.1 E-nose response to pure and adulterated ghee samples 

The mean output responses (in voltage) of eight sensors from 

e-nose analysis in pure and adulterated ghee samples are 

shown in Figure 2. Each colored line represents the change of 

electrical conductivity of sensors during e-nose analysis. It 

was observed that the conductivity of all the MOS gas sensors 

gradually changed (increases or decreases). The sensors S2 

and S3 were found to be the most sensitive towards pure and 

adulterated ghee samples. This was mainly because of the 

presence of volatile organic compounds and ethanol (alcohol) 

present in the samples. The significant change of S2 sensor 

for pure ghee samples could be observed compared to other 

adulterated ghee samples, which was considered to be more 
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useful and helpful for the detection of adulteration in pure 

ghee. Meanwhile, the sensitivity of sensors S5 and S6 was 

found to be low and also notably did not change much 

compared to other sensors indicating a lower role in 

classification of pure and adulterated ghee samples. This also 

lead to redundancy in e-nose dataset thus, creates low 

performance of e-nose particularly in classification of pure 

and adulterated ghee samples. Thus, these two sensors S5 and 

S6 can be removed from the sensor array to construct an e-

nose comprising TGS series of MOS gas sensors which might 

give more efficacy particularly in ghee adulteration 

identification. Similar results were obtained by Shen et al. 

2016 [20] to detect the orange juice adulteration using e-nose 

analysis. 

 

 
 

Fig 2: Radar graph response showing mean values of eight sensors on pure and adulterated ghee samples. G: ghee, S: soybean oil, GS10 to 

GS60: ghee adulterated with soybean oil from 10% to 60% adulteration concentration levels in 10% step. 

 

3.2 PCA results for pure and adulterated ghee samples 

The PCA method was used to reduce the dimensions of the 

obtained e-nose dataset and for primary assessment of the 

relationship of classes. The results of PCA score plot showed 

that the two PCs i.e., PC1 and PC2 explained the variance of 

84.74% and 10.59% in the e-nose data (overall 95.33%) for 

pure and adulterated ghee samples, respectively (Figure 3A). 

The loading plot in combination with score plot from PCA 

analysis showed the relative role of each sensor in pattern 

recognition analysis (Figure 3B) (Ghasemi-Varnamkhasti et 

al. 2011) [5]. The S2 sensor close to the X-axis of PC1 has the 

highest role in classification of all the samples. While sensors 

S5 and S6 are far away from the axis and thus they have the 

lowest role in classification of pure and adulterated ghee 

samples. 

 

  
 

Fig 3: PCA results obtained from e-nose data analysis (A) score plot, (B) loading plot. G: ghee, S: soybean oil, GS10 to GS60: ghee adulterated 

with soybean oil from 10% to 60% adulteration concentration levels in 10% step. 

 

From PCA score plot, a small portion of pure ghee samples 

(G) and GS10 samples were mixed with one another and a 

wrong classification of one observation of G sample could be 

observed to locate in GS50. The intraflavor variability 

between G and GS10 is quite small and thus the overlapping 

was observed between them. However, except these small 

overlapping, a general separation of pure ghee samples from 

other adulterated samples could be observed. In the case of 

adulterated ghee samples, it was observed that almost one or 

two samples from each group overlaps with nearby group. 

This is indicating that the volatile compositions between the 

adulterated ghee samples were somewhat similar based on the 
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sensor responses from e-nose measurement. Another probable 

reason, may be the sensors attached on the e-nose could not 

well differentiate the ghee adulterations based on their output 

responses. The above results suggest that the classification 

obtained by PCA is flawless, but, could be able to classify 

only up to an approximate of 80%-90% of samples in each 

group, since one or two samples from each group could not be 

separated in the original group. To detect the adulterations in 

pure ghee with sunflower oil and cow body fat, the 

adulterated ghee samples from 10% to 50% were separated 

(from pure ghee) as a whole group instead of making 

individual groups according to the five adulteration levels 

(Ayari et al. 2018) [2]. In an another work by Shen et al. 2016 
[20] to identify adulterations in orange juice found similar 

results. Thus, DFA algorithm can be used for improved 

separation of sample classes (Shen et al. 2016) [20]. 

 

3.3 DFA results for pure and adulterated ghee samples 
The DFA (by LDA method) was applied to build calibration 
models to classify pure and adulterated ghee samples. A total 
of 80 samples of pure and adulterated ghee (known 
adulterations) were analyzed to train the DFA model for 
calibration (training) set, while 40 samples (unknown 
adulterations) were randomly selected as the validation 
(testing) set. The training of these 80 samples were also 
validated by leave-one-out cross-validation. This method 
ensures, each time training is completed with 79 samples and 
the prediction is made on the remaining one sample. Hence, 
all the 80 samples took part in training process followed by 
self-testing (cross-validation). Thus, known samples built the 
boundaries by creating the linear discriminant functions 
while, unknown samples were tested based on the built 
boundaries and consistency of the model could be assessed 
(Ren et al. 2019) [14]. 

 

 
 

Fig. 4 DFA model for training samples and test samples obtained from e-nose data analysis. G: ghee, S: soybean oil, GS10 to GS60: ghee 

adulterated with soybean oil from 10% to 60% adulteration concentration levels in 10% step. 

 
Table 3: Fisher discriminant function eigenvalues 

 

Function Eigenvalue Variance % Cumulative % Canonical Correlation 

1 45.99631 75.45% 75.45% 0.9893 

2 11.63714 19.09% 94.53% 0.95962 

3 2.31875 3.80% 98.34% 0.83587 

4 0.73004 1.20% 99.53% 0.6496 

5 0.15856 0.26% 99.79% 0.36995 

 
Table 4: Confusion matrix obtained from DFA training samples 

 

Predicted Group 

 G S GS10 GS20 GS30 GS40 GS50 GS60 

G 9 0 1a 0 0 0 0 0 

S 0 9 0 0 0 0 0 1a 

GS10 2a 0 8 0 0 0 0 0 

GS20 0 0 0 10 0 0 0 0 

GS30 0 0 0 1a 9 0 0 0 

GS40 0 0 0 0 0 8 0 2a 

GS50 0 0 0 0 0 0 10 0 

GS60 0 0 0 0 0 1a 0 9 

Error rate for classification of training data is 10% 
a Mis-classified test samples 
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Table 5: Confusion matrix obtained from leave-one-out cross-validation of DFA training samples 
 

Predicted Group 

 G S GS10 GS20 GS30 GS40 GS50 GS60 

G 7 0 2a 0 0 0 0 1a 

S 0 9 0 0 0 0 0 1a 

GS10 2a 0 8 0 0 0 0 0 

GS20 0 0 1a 9 0 0 0 0 

GS30 0 0 0 1a 9 0 0 0 

GS40 0 0 0 0 0 8 0 2a 

GS50 0 0 0 0 0 0 10 0 

GS60 0 1a 0 0 0 3a 0 6 

Error rate for cross-validation of training sample is 17.50% 
a Mis-classified test samples 

 

The results of the DFA score plot for training data and test 

data was presented in Figure 4. Based on the e-nose dataset, 

the DF1 and DF2 explained the variance of 75.45% and 

19.09% respectively (overall 94.54%). The fisher 

discriminant function eigenvalues were presented in Table 3, 

where the five discriminant functions showed the amount of 

percent variance to classify selected features with 100% 

cumulative. The confusion matrices for training and testing 

were presented in Table 4 and Table 5, respectively. Diagonal 

values in bold corresponds to the correct classification of 

samples. The training of 80 samples (10 samples from each 

group) showed one sample from each of G, S, GS30, GS60 

overlap with GS10, GS60, GS20, GS40, respectively. Also, 

two samples from each GS10 and GS40 overlapped with G 

and GS60, respectively. The correct classification of 90% 

(error rate 10%) was achieved for training of the e-nose data 

by DFA model. The results were cross-validated and it was 

found more number of observations were mis-classified for 

each sample group (Table 5). Here, the error rate for cross-

validation of training sample was more and found to be 

17.50%. 

 

 
 

Fig 5: DFA classification summary plot for training samples and test samples 

 

In the final validation of DFA model for the testing of 

unknown samples, 5 samples were mis-classified out of 40 

test samples. The mis-classification was identified as: two 

samples from GS10 as G, two samples from GS60 as GS50 

and GS40, and one sample from GS40 as GS60. The above 

results could further be confirmed with DFA classification 

summary plot for training samples as well as test samples as 

shown in Figure 5. Therefore, the classification accuracy of 

the e-nose system was 87.50% to test the unknown ghee 

samples. Similar results were also obtained by Yu et al. 2009 
[28] and Shen et al. 2016 [20]. 

The results of PCA and DFA analysis confirmed that the 

obtained e-nose dataset could not be used to separate all the 

pure and adulterated ghee samples as the overlapping was 

more in both the model analysis. The classification and 

pattern recognition results of e-nose data were not very 

satisfied. The results suggested that the combination of 

sensors attached in the array of the e-nose was not optimal to 

sense all the generated volatiles of ghee and its adulterated 

samples. Ayari et al. 2018 [2] used a combination of MOS gas 

sensors from MQ series (4 numbers) and TGS series (4 

numbers) to detect the pure cow ghee adulteration. The list of 

TGS type sensors used by the authors were different from our 

e-nose system except sensor S3 is matching. They 

successfully identified the pure ghee samples from the 

adulterated ghee samples using PCA, but could not be able to 

discriminate groups of various adulteration concentrations. It 

is evident from this study that, the results of PCA and DFA 

for e-nose training data has overlapping characteristics for 

pure and adulterated ghee samples. However, it could be 
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mentioned that DFA model was able to separate all the pure 

ghee test samples from the overall adulterated test ghee 

samples. Five individual test samples overlapped from three 

groups, the other five groups were clearly differentiated. 

According to the results, DFA identified the adulteration with 

soybean oil up to some extent with an accuracy of 87.50%. 

The e-nose data coupled with DFA model was sensitive to the 

subtle difference in flavor characteristics between pure and 

adulterated ghee samples. 

 

4. Conclusions 

In conclusion, eight different MOS type gas sensors were 

used to detect pure ghee adulterated with soybean oil in 

various concentrations. The obtained e-nose datasets were 

further used for two different classification models such as 

PCA and DFA. The results obtained from e-nose study 

coupled with chemometrics could separate pure ghee from 

various adulterated ghee samples up to some extent. In this 

study, the prediction accuracy for calibration obtained by 

PCA and DFA method was 95.33% and 94.54%, respectively. 

The validation of DFA model for randomly taken unknown 

test samples provide 87.50% accuracy in e-nose data to 

differentiate pure and adulterated ghee samples. The DFA 

algorithm obtained from e-nose dataset is having limitations 

in the adulteration detection in ghee. It can be improved using 

different combinations of MOS type gas sensors in e-nose 

analysis. 
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