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Cardamom Quality Evaluation employing Electronic Nose
Madhurima Ghosh®, Devdulal Ghosh, Nabarun Bhattacharyya

Abstract Cardamom is an export-oriented commodity of India, used for cooking and has medicinal values. This
calls for the need of rapid and effective method for quality assessment of cardamom. The major parameters for
quality determination of cardamom are flavour and aroma. The present practice of quality estimation involves
assessment by human experts based on physical characteristics, such as freshness, shape, size, colour and aroma
which is subject to biasness and error. The alternate evaluation technique comprises of various qualitative and
quantitative chemical tests of the samples (using gas chromatography and mass spectrometer), which is an
expensive, labourious, time-consuming and skilled man-power demanding process. This paper presents a novel
approach to predict the oil yield and constituent chemicals 1,8-cineole and alpha-terpinyl acetate, which are
responsible for the flavour of cardamom using a handheld electronic-nose (HEN) developed by Centre for
Development of Advanced Computing (CDAC), Kolkata. We worked with thirteen different cardamom samples
with varying oil yield percentages and different measures of the constituent chemicals of the extracted essential
oil. We considered cardamom samples, with and without husk separately in our study. Initially, we have applied
clustering algorithms like Principal Component Analysis (PCA) and Density-Based Spatial Clustering on
Applications with Noise (DB-SCAN) on the data values collected by five different metal oxide semiconductor
(MOS) sensors of HEN and the device was able to group the samples into distinct clusters with considerable
accuracy. Then, Partial Least Square (PLS) Regression was applied on the dataset to train the system and
eventually predict the quality of unknown cardamom samples. The model has given around 98% and 95%
accuracy for oil yield and 1,8-cineole prediction respectively for the samples with husk.

Keywords Cardamom - Quality evaluation - Partial Least Square Regression * Principal Component Analysis -
Density-Based Spatial Clustering of Applications with Noise * Electronic Nose * Metal Oxide Semiconductor
Sensor

1 Introduction

Cardamom is ranked third in terms of price, followed by saffron and vanilla. Small cardamom (Elettaria
cardamomum Maton) is grown mainly in India, Guatemala, Sri Lanka, Nepal, and also found in Tanzania,
Indonesia, Vietnam, Thailand, Papua New Guinea, and El Salvador, and is exported worldwide specially to
Middle Eastern countries. Cardamom extracts and cardamom essential oil are used as a flavouring agent and has
numerous potential therapeutic uses.

Hence, rapid and effective method for quality evaluation of cardamom is the need of the hour. The quality
varies with the percentage of essential oil extracted and its constituent chemicals. The major constituents of
essential oil are 1,8-cineole and alpha-terpinyl acetate. The most popular practice of aroma estimation of
cardamom, and thereby price determination, involves quality assessment by human experts based on physical
characteristics, such as freshness, shape, size, colour and aroma. However, this method is subject to biasness of
the expert, error prone and non-repetitive. In order to provide accurate estimation of quality, an alternative
approach involves various chemical tests employing analytical instruments, such as gas chromatography (GC)
and gas chromatography coupled with a mass spectrometer (GC/MS) [1]. The results of this method confirm that
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the proportion of the various compounds of the oil extracted from cardamom differ from each other among
different varieties of cardamom [2], [3]. However, this process is time-consuming, requires expensive laboratory
equipment and skilled personnel to operate these instruments.

Electronic nose (e-Nose) [4] is one of the prospective solutions for rapid quality estimation of various food
products and beverages, such as meat [5], tea [6], coffee, dairy products, alcoholic beverages, oil [7], vinegar,
cocoa beans and many more. This method provides considerable level of accuracy, removes human subjectivities
and errors, and is repetitive. In an e-Nose, an array of sensors is embedded in the device to sense and generate an
“aroma fingerprint” for each training sample. Since, most of these sensors are specific to a class of chemicals, and
have cross sensitivities to other classes too, it is very difficult to quantify the amount of the constituent chemicals
present in the data samples. Instead, the approach employed in e-Noses is to create an “aroma fingerprint” based
on the sensor values for each type of food sample. Once the training is complete, the device tries to match the
aroma fingerprints of unknown samples under test to that of the pre-trained samples resulting in evaluation of the
quality of the unknown samples. In some cases, e-Nose is also used for several disease detection, such as asthma
[8], cancer, tuberculosis, cystic fibrosis [9] or even monitoring the health of astronauts in space. Although, quality
estimation of spices using e-Nose is a relatively new domain of research, some preliminary work on sensor
selection and aroma fingerprint generation of cardamom are done by Leela et al. [10] and Ghosh et al [11].

We have adopted a novel approach by using a handheld electronic nose (HEN) [12] developed by Centre for
Development of Advanced Computing (CDAC), Kolkata for the quality evaluation of cardamom by estimating
the oil yield percentage and measure of 1,8-cineole and alpha-terpinyl acetate in the samples through Partial Least
Square (PLS) regression algorithm. In this study, we have dealt with thirteen different samples separately for
cardamom with husk and without husk.

2  Materials and Method

2.1 Cardamom Extraction Process

ICAR-Indian Institute of Spices Research (IISR), Kozhikode contributed in this study through extraction of
essential oil [10] and measurement of the percentage of major constituent chemicals, namely, 1,8-cineole and
alpha-terpinyl acetate of thirteen different samples of cardamom. 20 g of each sample including the husk were
grinded and then hydrodistilled for three hours in Clevenger apparatus to extract the essential oil. The extracted
essential oil was collected, dried over anhydrous sodium sulphate and stored in a refrigerator until the analysis
was carried out.

2.2 Chemical Analysis of Samples

Gas chromatography (GC) [11] examination was performed on a Shimadzu (GC-2010) Gas chromatograph fitted
to FID indicator and RTX — 5 column (30 m x 0.25 mm, film thickness 0.25 pm). Nitrogen was utilized as the
transporter gas at a flow rate of 1.0 ml/min and the oven was programmed as at 60°C up to 200°C at the rate of
3.0°C/min, again up to 220°C at the rate of 5.0°C/min, at which the column was kept up for 5 min. 0.1ul sample
was infused. The injection port temperature was kept up at 250°C and the detector temperature was 250°C. 1:40
was the split ratio. The percentage composition component of the oil was dictated by area normalization.

Afterward, the analysis of essential oil was done using a Shimadzu GC-2010 Gas chromatograph furnished
with QP 2010 mass spectrometer (GC/MS). RTX — 5 column (30 m x 0.25 mm, film thickness 0.25 pm) covered
with polyethylene glycol was utilized. Helium was utilized as the transporter gas at a flow rate of 1.0 ml/minute.
The stove was modified at 60°C for 5 min and afterward expanded to 110°C at 5.0°C/min, then, at that point, up
to 200°C at the pace of 3.0°C/min, again up to 220°C at 5.0°C/min, at which the column was kept up for 5 min.
0.1ul sample was infused. The injection port temperature was kept up at 260°C and the detector temperature was
250°C. 1:40 was the split ratio and ionization voltage was kept up at 70 eV. The retention indices were determined
comparative with C8 — C20 n-alkanes. Table 1 shows the chemical analysis report for thirteen different samples
carried out by IISR.



Table 1. Oil yield and major constituent chemical percentages of different cardamom samples obtained through chemical analysis

Sample  Name Oil Yield (%) 1,8-Cineole (%) Alpha-terpinyl acetate (%)
1 ELA 7 21 44
2 THIRU 5.5 22 44
3 GGl 7 18 48
4 GG2 6 22 42
5 WONDE 6.5 26 46
6 CONI1 4 25 48
7 CON2 4.5 30 42
8 CON3 4 27 47
9 CON4 4.5 28 44
10 CONS 4 30 42
11 CONG6 5 28 46
12 CON7 4 30 43
13 CONS 4.5 27 45

Chemical analysis is done by IISR, Kozhikode

2.3 Architecture of Handheld Electronic Nose (HEN)

This study has been conducted employing a Handheld e-Nose (HEN) [13] developed and patented by C-DAC,
Kolkata. HEN is a true handheld e-Nose, built on embedded electronics and is suitable for field operation. The
device is battery operated with integrated odour handling unit. The sample holder can easily be fitted onto the
device during testing of samples. A touchscreen graphics display is provided as user interface and displaying of
results. Combination of a micro-pump and micro valve serves the sample odour VOC excitation and thereafter
delivery to the sensor array. The sensor array is built on five metal oxide semiconductor (MOS) sensors [14],
namely, TGS 2602, TGS 2620, TGS 816, TGS 823 and TGS 832. Captured sensor data and results are stored in
a SD Card in FAT32 file system.
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Fig. 1. Block diagram of Handheld Electronic Nose (HEN) architecture

Fig. 1 shows the hardware block diagram of HEN. A 16-bit PIC microprocessor is the heart and brain of HEN.
After signal conditioning, the captured sensor data is fed to the in-built analog to digital converter of the processor
for processing. The 4.3-inch touch screen and graphics display are interfaced to the processor through 4-wire and
16-bit RGB565 lines respectively. SD memory card and serial Flash memory are interfaced through SPI lines.
Control of micro pump and micro valve is done through digital I/O lines of the processor. Software for HEN is
developed on embedded C and graphics portion using Microchip graphics library.



2.4 Data Collection

For three consecutive days, the samples were tested on HEN and the corresponding values of the five different
sensors were stored. 10 g of each sample with husk was first placed in the sample holder of HEN and the sensor
data was recorded. Then the husk from these samples were removed, their corresponding weights were measured
and the earlier stated process was repeated. The temperature and humidity recorded on 6 and 7" May were around
30° C and 57% respectively. However, on 8 May, the temperature dropped down to 22° C with heavy rainfall
and the humidity increased to about 97%. The responses of MOS sensors are prone to variations in ambient
temperature and humidity and thus, the data taken on 8™ May had shown abrupt changes as compared to that of
6™ and 7" May. Hence, we discarded the records taken on 8" May for training the device and analysis of results.
Table 2 displays the details of the data taken for analysis.

Table 2. Details about the recorded dataset

Date Sample  Name Type Weight (g)
1 ELA With Husk 10
6" May Without husk 7.3
2 THIRU With husk 10
Without husk 7.8
3 GGl With husk 10
With husk 10
Without husk 7.4
4 GG2 With husk 10
Without husk 7.4
Without husk 7.4
5 WONDE With husk 10
Without husk 7.5
Without husk 7.5
Without husk 7.5
6 CONI1 With husk 10
Without husk 6.3
7 CON2 With husk 10
Without husk 7
8 CON3 With husk 10
Without husk 6.7
9 CON4 With husk 10
Without husk 6.3
7% May 10 CONS5 With husk 10
Without husk 6.5
11 CON6 With husk 10
Without husk 7
12 CON7 With husk 10
Without husk 6.9
13 CONS With husk 10
Without husk 6.3

2.5 Analysis of Sensor Data

Fig. 3 shows the graph of 600 values recorded from the time of opening the valves and until the saturation point
of all the five different sensors are reached, for the sample, CON7 (Sample 12) with husk recorded on 6 May.
The graphs of all the other samples are similar to Fig. 2, but with variable slopes and different saturation points.
However, we have considered the last 20 values of each sample for analysis where the readings are almost stable.



The sensor readings are then correlated to group the samples into distinct clusters and for prediction of the oil
yield and major constituent chemical percentages responsible for the flavour of cardamom.
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Fig. 2. Five sensor readings of HEN for CON7 (Sample 12)

2.6 Clustering Algorithms

Clustering refers to division of data points into various groups of similar data or values. Initially, the data for all
the samples taken on both the days were fed to two popular clustering algorithms, namely Principal Component
Analysis (PCA) and Density-Based Spatial Clustering of Applications with Noise (DB-SCAN). The system is
able to segregate the samples into different clusters with considerable accuracy. This indicates that the oil yield
percentage and composition of constituent chemicals of essential oil varies significantly and the data is fit for
classification of samples into different categories.

Principal Component Analysis (PCA)

The dataset generated from HEN is difficult to interpret and visualize as it has dimensionality of five (five
parameters). Hence, the data is visualized in 2D using Principal Component Analysis (PCA) [15] with minimum
data loss to check whether the samples could be clustered into distinct groups. The algorithm of PCA is given in
Fig. 3.
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Fig. 3. Algorithm for Principal Component Analysis

Density-Based Spatial Clustering of Applications with Noise (DB-SCAN)

DB-SCAN (Density-Based Spatial Clustering of Applications with Noise) [16] is able to find arbitrary shaped
clusters and also discards noise as outliers. Moreover, it does not need to provide the total number of clusters the
dataset needs to be grouped to and hence, even in absence of domain knowledge, it would provide good clustering



results. However, the distance that specifies neighbourhoods and the minimum number of data points in each
cluster much be specified for the algorithm to execute. The algorithm for DB-SCAN is given in Fig. 4.

+ Label points as core, border and noise
+ Eliminate noise points

« For every core point p that has not been
assigned to a clusters
—Create a new cluster with the point p and all the
points that are density-connected to p.
» Assign border points to the cluster of the
closest core point.

Fig. 4. Algorithm for DB-SCAN

2.7 Regression Algorithm

Regression models are used to establish relationship between the independent variables, i.e., the sensor values and
the dependent variables, i.e., the oil yield, and measures of 1,8-cineole and alpha-terpinyl acetate in this use case
of the training dataset. The established relationship is then utilized to predict the target(s), i.e., the oil yield, 1,8-
cineole and alpha-terpinyl acetate percentages for unknown samples. We have used Partial Least Square (PLS)
Regression algorithm for analyzing the data.

Partial Least Squares Regression (PLS)

Partial Least Square (PLS) [17] is an optimal regression algorithm based on covariance. PLS applies dimension
reduction of the samples (similar to PCA) before applying a linear regression algorithm on the transformed data.
In initial study, it was observed that the data is highly correlated and hence, PLS is chosen for prediction of the
target(s). It also gives accurate results in spite of noisy data. Fig. 5 depicts the algorithm for PLS Regression.
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v

Fig. 5. Algorithm for Partial Least Square Regression

3 Result and Analysis

Table 3 depicts the amount of data explained by Principal components 1 and 2 for different datasets in order to
reduce the dimension using PCA. It is observed that there is significant amount of data loss (approximately greater
than 10%) when the number of samples taken under consideration is more than 5. However, this amount of data
loss did not affect in proper clustering of the data.

Table 3. Percentage of variance explained by Principal Components

Date Type PC1 (%) PC2 (%) Data Loss (%)
6" May  With husk 60.5 29.1 104

Without husk ~ 61.2 20.9 17.9
7" May  With husk 79.4 18.9 1.7

Without husk  66.6 32.5 0.9




Fig. 6 and 7 show the results of clustering using PCA on the samples on 6 and 7" May separately. The
algorithm is able to properly cluster the data with considerable accuracy except certain imprecision in the samples
CON3 (Sample 8) and CON4 (Sample 9) with husk on 6% May.
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Fig. 7. Clustering using PCA for 7" May with and without husk

Fig. 11, 12, 13 and 14 compare the sample number and cluster number (result of DB-SCAN clustering) for
the data recorded on 6" May and 7" May. Sample 3 (GG1), 4 (GG2) and 5 (WONDE) were recorded multiple
times for experimental purpose. DB-SCAN algorithm could accurately cluster the datasets for with and without
husk cardamom samples, except the dataset of with husk on 6™ May i.e., the algorithm misplaced Sample 8
(CON3) into Sample 6 (CON1) cluster.
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Fig. 8. Comparison of Cluster Number (result of DB-SCAN) with Sample Number on 6™ May with and without husk?

2 Sample 3 (GG1), 4 (GG2) and 5 (WONDE) were recorded multiple times for experimental purpose



DB SCAN comparison, 7th May with husk DB SCAN comparison, 7th May without husk
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Fig. 9. Comparison of Cluster Number (result of DB-SCAN) with Sample Number on 7" May

The device was trained using PLS Regression model and Fig. 10, 11, 12 and 13 show the predictions of oil

yield and 1,8-cineole percentages respectively by the model for unknown samples.
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Fig. 13. Prediction of 1,8-cineole on 7" May with husk and without husk

Table 4 shows the results of PLS regression for estimation (average of 6™ and 7" May datasets) of oil yield,
1,8-cineole and alpha-terpinyl acetate percentages in cardamom samples.

Table 4. Estimation of oil yield, 1,8-cineole and alpha-terpinyl acetate in cardamom samples by PLS Regression

Prediction Type Mean Squared Error (MSE) Accuracy (%)
Oil Yield (%) With husk 0.026 98.2

Without husk ~ 0.104 89.9
1,8-cineole (%) With husk 0.688 95.7

Without husk 1.228 90.2
Alpha-terpinyl acetate (%)  With husk 1.426 69.2

Without husk ~ 2.494 44.2

All results are average of datasets recorded on 6™ and 7" May

Overall, the samples with husk gave better accuracy and precision as compared to the samples without husk.
This confirms the fact that the husk of cardamom contains certain amounts of aroma constituents too.
The oil yield percentage prediction gave around 98% accuracy while 1,8-cineole predictions are almost 95%

accurate for samples with husk. However, the result for estimation of alpha-terpinyl acetate is not at all
satisfactory.

4 Conclusion

Our novel approach of cardamom quality estimation using HEN gave satisfactory results for oil yield and one of
the major constituent chemicals of essential oil, 1,8-cineole and is fit for use in rapid evaluation of cardamom
quality at affordable cost. However, the estimate for another constituent chemical of essential oil, alpha-terpinyl
acetate is not reasonable.

The MOS sensors used for HEN in this study were specifically selected for quality analysis of tea and were not
tuned for cardamom. Sensor array tuned for cardamom aroma constituent chemicals is expected to give more
accurate results. A hybrid array of sensors including MOS, Quartz Crystal Microbalance (QCM), Conducting
polymer, Electrochemical, etc., which may give optimum results for cardamom is a topic of our further research.

Moreover, the increased size of training dataset might also yield better precision and accuracy. Several other
discriminant analysis algorithms and neural network-based regression models can be employed on the datasets to
choose the optimum algorithm for our use case. Since, the MOS sensors are prone to temperature and humidity
change, the parameters of ambient temperature, humidity and other environmental factors can be added in the
feature list of the datasets to generalize the model and avoid training the system multiple times for various
environmental conditions. The potential of e-Nose in evaluation of quality of cardamom extract and essential oil,
as found in this study, can be explored further to make it suitable for commercial use.
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