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Abstract

Spices are essential to our daily lives, and a vast variety of spices are used extensively in our
nation. The main subject of this study is turmeric (Curcuma longa), a perennial herb that is
widely used in South and Southeast Asia, especially India, as a main spice. Three to five
curcuminoids, the main bioactive substances in turmeric known for their medicinal qualities,
are present. India is the world's biggest producer and exporter of turmeric, with a 1700 crore-
a-year revenue. But because of its great commercial demand, dishonest traders can adulterate
it. Turmeric is adulterated primarily for two reasons: to make it seem better and to make it
have more volume. Illegal colors like Sudan dye and metanil yellow are applied to enhance
luster. In cases where there is not enough turmeric, additional ingredients such as corn starch
are added to increase volume. As a result, the turmeric business has to give quality control
top priority. Therefore, to maintain the high standards of quality for this spice, methods for
identifying these adulterants must be developed. The present methods available in the market
are conventional. They require more time for sample preparation and as well as measurement
procedure is time consuming. The common example of these technique are gas
chromatography, HPLC, NIR, Spectroscopy, etc. These methods are in vasive in nature .So
rapid and non-invasive detection of adulterant mixed with turmeric is necessary .Machine
vision is a new technique in this field to detect the presence of adulterants turmeric powder.
In this work with the help of machine vision system coupled with deep neural network and

convolution neural network three adulterants were detected as mentioned below.

In the first study of the thesis work metanil yellow adulteration was detected using machine
vision. Here five varieties of turmeric powder were examined in this study; one was made in-
house, and the other four were packaged organic turmeric powders from four well-known
companies that claim to be 100% pure. MET of the Sigma Aldrich brand was procured from

research lab suppliers. One part was labelled "pure” since it had not been subjected to mixing

vii



of MET. The remaining three portions were marked as "adulterated™ after being adulterated
with three different percentages of MET. The weight-on-weight (w/w) percentages of MET
were 5%, 10%, and 15%. The successful completion of classification and prediction tasks
from the sub-images derived from the acquired photos was made possible by the deployment
of Random Forest (RF) and Deep Neural Network (DNN) models. The findings show that the
suggested methodology predicts the degree of MET adulteration with an accuracy surpassing
94% and achieves classification accuracy over 98% for differentiating between pure and

adulterated turmeric powder.

In the next study Sudan Dye-1 was detected using machine vision. Five different pure
turmeric powder varieties were selected for testing. Of the five varieties, four were advertised
as 100% pure organic turmeric powders and were purchased from the neighbourhood grocery
store, while one pure variation was home made.The Sudan dye of Sigma Aldrich brand was
procured from a lab chemical supplier. Each of the 5 variants of pure turmeric was divided
into 4 equal portions that resulted total of 20 portions. Among the 20 portions, 1 portion of
each variant was kept unadulterated while the rest 3 portions were adulterated with 3 different
percentages of concentration (w/w) that are 5%, 10%, and 15%. Such mixing resulted in 5
pure and 15 adulterated samples comprising of 5 adulterated samples for each concentration

level.

Finally corn starch was detected using machine vision.5 variants of pure turmeric powders
were taken for experimentation. Among those 5 variants, 4 were branded organic turmeric
powders that claim 100% purity and were procured from the local supermarket and 1 pure
variant was prepared in-house.The starch was added with the turmeric powder in four
different percentages by volume, i.e. 10%, 20%, 30%, and 40%.Here convolution neural
network (CNN) is used for both the detection as well as prediction of degree of adulteration
starch in turmeric powder. Here accuracy achieved in tune of 98%.This method has shown

remarkable improvement of CNN model to address the limitations of conventional methods.
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CHAPTER 1

Introduction and scope of the thesis

1.1. Introduction

Spices are an essential part of our daily life as they add rich flavor and vibrant color, and
provide nourishment and immunity to our food. They are not only popular in our country but
have gained global acceptance. Spices play a significant role not just in our kitchens but also
in medicine and various other fields. India is known as the "spice bowl of the world™" as it
produces and consumes various spices in huge quantities [1.1].Among different spices,
Curcuma longa L.(C21H200e) or turmeric is one of the most popular ones which is used
across different Asian cuisines and has many important therapeutic benefits[1.2]. In addition
to its medicinal applications, turmeric has been often utilized as a key component in many
cosmetic products. China, India, Pakistan, and other Asian nations like Burma, Bangladesh,
Taiwan, Sri Lanka, Indonesia, Myanmar, etc. are the major producers of turmeric [1.3].
However, there is a tendency for widespread adulteration of turmeric hence, the product
quality is to be verified through different safety norms and regulations set by the Food

Adulteration Act of India (PFA, 2008)[1.4]to avoid any unwanted adulterations.



Chapter 1: Introduction and scope of the thesis

This chapter provides a brief introduction about turmeric its usages, benefits, and risks of its
adulteration. The different conventional methods with some of the major applications of
those methods in detecting turmeric adulterations have been briefed in this chapter. The
problems of the conventional methods have then been discussed in the light of reported
literature followed by the possibilities of machine vision as a potential solution to those. A
comprehensive survey of applications of machine vision in adulteration detection focusing
the spice adulteration detection has also been presented in this chapter. The chapter presents
the scope and research questions of this thesis. Finally, the chapter outlines have been

presented.
1.2. A brief overview of turmeric
1.2.1. Medicinal values of turmeric

Turmeric has notable medical use. It has been used in traditional medical systems to take care of a
variety of diseases [1.5]. Its biological effects include anti-inflammatory, hypocholesterolemic,
chromogenic, cytotoxic, spasmolytic, anti-rheumatic, anti-bacterial, antiviral, anti-diabetic, and anti-
hepatotoxic properties. Additionally, turmeric is said to have anti-cancerous properties [1.6]. The
therapeutic benefits of turmeric are attributed to its curcuminoids, turmeric oil, and total Turmeric
contains the yellow curcumin pigment and methylated curcumin, both of which have antioxidant

properties. A few of them are stated below and consolidated in Fig. 1.1.
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Fig. 1.1: Medicinal activities of turmeric. [1.7]
e Household aid for chronic cough

For chronic cough, colds, and throat issues, turmeric powder is a valuable home remedy

[1.8].

e Prevention and treatment of cancers

Curcumin is a potentially effective chemical and therapeutic substance for the prevention and
treatment of cervical cancer [1.9]. It has been observed that curcumin treatment reduces the
growth of cervical cancer cells by altering molecular pathways tied to the human

papillomavirus (HPV) in the cancer cells that are associated with it.

e Treatment of Asthma

Consuming curcumin capsules revealed that the tablets are beneficial for treating bronchial

asthma [1.10] without causing any clinically noteworthy side effects.

e Prevention of type2diabetes

Turmeric can help those who are susceptible to diabetes prevent type 2 diabetes [1.11] from

developing in them.
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e Safeguard for liver diseases

Curcumin may help prevent and treat cirrhosis [1.12] in rats because it can lower the
expression of transforming growth beta (TGF-B). Curcumin is also a potentially effective

fibrinolytic and antifibrotic medication for the treatment of chronic liver disorders [1.13].
e Relief from rheumatoid arthritis

Rheumatoid arthritis patients reported minimal negative effects from curcumin medication

[1.14], which also improved their condition by reducing joint swelling and pain.
1.2.2. Main constituents of turmeric:

Turmeric constituents consist of three curcuminoids [1.15]. The main constituent is curcumin
which is diferuloylmethane; which is accountable for its vibrant yellow color, and other
constituents are are desmethoxycurcumin, and bisdemethoxycurcumin. In addition to these
main three constituents, it also consists of volatile oils [1.16] such as tumerone, atlantes, and
zingier, and also other constituents which are sugars. Turmeric has more than 200
components that have been isolated. The approximate composition value of dried turmeric
leaves is 6.0% crude protein, 0.5% crude fat, 34.5% total fiber, 43.3% carbs, 9.4% crude ash,
and 6.3% moisture. This content is expressed in grams per 100 grams of dried turmeric
leaves. Steam distillation of rhizomes can provide a variety of essential oils [1.17] (5-8%),
including sesquiterpenes (53%), zingiberene (25%), and many more. The main ingredient that
gives turmeric its yellow color is curcumin. It has also been proven to be the primary
component responsible for the majority of the therapeutic benefits. Six oxygen atoms make
up curcumin: two are assigned to the carbonyl group, two to the methyl group (C=0), and
one is located in the middle of the molecule, joining the two carbonyl molecules. The

chemical structure of turmeric has been shown in Fig. 1.2.
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Fig. 1.2: Chemical structure of turmeric. [1.18]

1.3. Adulterations in turmeric powder

Adulteration is the addition of unwanted ingredients to food products. This can cause health
hazards and decrease the nutritional value of food. These are frequently added to increase
profits because they can lower the cost of the product or improve its look. However, there are
instances of natural adulterations for example at the time of preparation of rice there may be
the mixing of sand particles with rice grain. But apart from such natural cases majority of the

adulteration is intentional and driven by economic benefit.

For turmeric powder adulteration is a proven challenge. There are different adulterants
commonly used for turmeric adulterations either to improve its appearance in terms of its
yellow color which is also termed as chemical adulteration or to increase the volume by
materials having lower food and economic value termed as volume adulteration [1.19]. A list

of different commonly used adulterants has been provided in Table 1.1.
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Table 1.1: Some commonly used adulterants in turmeric

Name of the adulterants Type of adulteration
Metanil Yellow Chemical adulteration
Sudan Dye | Chemical adulteration
Lead chromate Chemical adulteration
Egg-yellow color Chemical adulteration
Tartrazine Chemical adulteration

Pistachio hull waste

Volume adulteration

Wheat flour

Volume adulteration

Corn starch

Volume adulteration

Dry bread Volume adulteration

Maize flour Volume adulteration

1.3.1. Conventional methodologies for adulterant detection in Spices

Conventionally the existence of chemical constituents including adulterants can be detected
using different chemical, spectral, and instrumental analysis methods including high-pressure
liquid chromatography (HPLC) [1.20], thin layer chromatography (TLC) [1.21], gas
chromatography-mass  spectrometry (GS-MS) [1.22], ultraviolet-visible (UV-VIS)
spectroscopy [1.23], surface-enhanced Raman spectroscopy (SERS) [1.24], Fourier
transforms infrared (FT-IR) spectroscopy [1.25] and similar devices. A brief discussion of the

working principle of these methods has been provided in this section.
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1.3.1.1. Gas chromatography-mass spectrometry (GS-MS)

GC-MS is an advanced analytic method that combines the features of mass spectrometry and
gas chromatography to identify various components inside the material being examined. This
adaptable instrument can be used to identify and separate unidentified organic compounds, as
well as to measure mass gases and run a permanent chromatograph. The mass spectrometer
and gas chromatographer are the two components of the GC-MS as shown in Fig. 1.3.GC-MS
is utilized to identify and quantify food additives such as preservatives, artificial colors, and
flavor enhancers [1.26]. This helps in ensuring that food products comply with regulatory

standards regarding permissible additive levels.

Sample
injector
T regulated oven

@ =

spectrometer
Gas: Column: detector
. packed or
He, Ny, H, open tubular
(capillary}

Fig. 1.3: Working principle of GC-MS. [1.27]

1.3.1.2. High-pressure liquid chromatography (HPLC)

HPLC involves the passage of a liquid sample through a packed column under high pressure,
typically at or above 400 atmospheres. The column is packed with a stationary phase, and
separation is based on the interactions between the sample components and the stationary
phase. A detector records the elution time of each compound, producing a chromatogram as
shown in Fig.1.4.HPLC is utilized for the determination of food additives, preservatives,

vitamins, flavors, and other compounds in food and beverage products [1.28]. HPLC is used
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for the separation and quantification of bimolecular like amino acids, peptides, nucleic acids,

and proteins.

High Performance Liquid Chromatography

(HPLC)

" PC for Data
Acquisition

HPLC Column

Injector

Solvent Pump Detector Waste

Fig. 1.4: Working principle of HPLC system. [1.29]

1.3.1.3. UV-Vis spectroscopy

The basis for UV-Vis spectroscopy's operation is Beer-Lambert's law. Analytical assessments
using UV-Vis spectroscopy are typically completed between 200 and 800nm. The sample is
placed in a cuvette and is exposed to monochromatic light as a radiation source. The sample's
molecules absorb the light. This energy is converted into electrical impulses via a photon-
sensitive sensor as shown in Fig.1.5 and the necessary signal processing is done beforehand.
Using multivariable methods and UV-Vis spectroscopy, metanil dye | and IV were found in
paprika powder samples [1.30]. The diode array assembly served as the detector. The detector
had a 300600 nm range and a 1 nm spectral resolution. It was said that the adulterant

detection was satisfactory.
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Monochromator

A ]

Exit
Slit

Light Entrance Dispersive
Source Slit Element

Fig. 1.5: Working principle of UV-Vis spectroscopy. [1.31]

Sample Detector

1.4. Literature survey on turmeric adulteration detection using conventional methods

This section provides some of the major works reported in the field of turmeric adulteration

detection using conventional spectral and analytical methods in Table 1.2.

Table 1.2: Major works reported in turmeric adulteration detection using conventional

methods
Applications Working Data Analysis  Resulted performance Ref.
Principle technique
Detection of metanil ~ Spectral Principal The coefficient of [1.32]
yellow in turmeric Analysis Component determination and r.m.s
powder Analysis, Partial of calibration were
least square 0.96-0.99 and 0.44-0.91
regression respectively
Determination of NIR Partial least For Sudan Red R? = [1.33]
Sudan red and metanil Spectroscopy square 0.90and RMSE = 0.059

yellow in turmeric

regression, soft

and for metanil yellow

powder independent R?=0.91 and RMSE =
model of class  0.058.
analogy
Determination of Fluorescence LOD value [1.34]
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metanil yellow

europium doped

carbon dots

0.390 ug/mL with a

linear range of 1.0-

15.0 pg/mL
Determination of FT-IR Partial least R2 for sudan red.97, [1.35]
additives and chemical spectroscopy square regression root mean square error
contaminations in of prediction 1.3%
turmeric
Authentication of IR spectroscopy PLS-DA, The precision is [1.36]
turmeric powder SICMA 82%and92% for
SICMA and PLS-DA
respectively
Determination of UV-vis PLS-DA, KNN, Classification results [1.37]
sudan dye-1 in spices  spectroscopy SICMA were 99.3%, 96.3% and
90.4% respectively for
PLS-DA, KNNand
SIMCA methods
Detection of Pb Portable X-ray Could detect when the  [1.38]
adulteration fluorescence Pb concentrations is
analysis (pXRF) more than 5-70 mg/kg
and colorimetric in dried turmeric roots
test and 1000 mg/kg for
powders
Detection of egg- 2.4GHz cavity  Different The models’ accuracy  [1.39]
yellow color and starch perturbation prediction resulted in the range of
adulteration technique (CPT) models like LR, 85-99%

SVM, etc. along
with hardware
and software

optimization

10
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Detection of metanil

yellow

Characterization Differential pulse A linear range of 5 to

of Nano nickel  voltammetry

cobalt oxide (DPV) and cyclic under optimal

modified voltammetry experimental conditions
graphite (CV)

electrode

(NiCo204@GP)

1000 uM was resulted

[1.40]

using X-ray

diffraction

(XRD) and

scanning

electron

microscopy

(SEM)
Detection of wheat NIR PCA and PLSR Calibration for [1.41]
flour, pistachio hull  spectroscopy in validation was in the
waste and dry bread  the range of range of 0.265-0.306
adulteration 12,000-4000 while the prediction

cmt accuracy was in the

range of 97.9-98.6%.

Detection of maize Fluorescence PLSR R?was more than 0.95  [1.42]

floor adulteration

quenching

method using
front-face

synchronous
fluorescence
spectroscopy
(FFSFS) and

fluorescence

with RMSE less than
0.06 and 9% LOD

11
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titration

Detection of tartrazine Spectral mages
colored rice flour of turmeric with models
adulteration different degree
of adulteration
and a cloud
based

implementation

Different CNN  About 95% accuracy  [1.43]

was achieved

Simultaneous detection Liquid
of metanil yellow, chromatography-

Sudan I, and Sudan red tandem mass

G along with spectrometry
curcumin, (LC-MS/MS)
demethoxycurcumin, method

and

bisdemethoxycurcumin

The LOQ and LOD [1.44]
were reported as 1-2
and 0.1-0.2 ng/mL,

respectively.

Purity analysis using  Loop-mediated

Resulted 10 times [1.45]

detection of C. longa isothermal improved sensitivity
DNA amplification was achieved than the
(LAMP) reported PCR based
results
Detection of metanil  Handheld NIR  PCADA and About 93% accuracy  [1.46]
yellow, corn starch spectroscopy SIMCA has been achieved

powder and Sudan dye

—IV adulteration

Detection of lead Powder X-ray

chromate (PbCrO4)  diffraction
adulteration method with

varying X-ray

LOD of 0.5% has been [1.47]

reported

12
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tube voltage,

current and

scanning

parameters
Detection of lead Fourier PLSR 0.5% LOD was reported [1.48]
chromate adulteration transform- at based on the 1750-

Raman (FT- 200 cm ! range of

Raman) spectroscopy

spectroscopy
Detection of Sudan Raman imaging PLSR R? value of 0.97 for [1.49]
Red and white and FT-IR Sudan Red and 0.95 for
turmeric adulteration  spectroscopy white turmeric were

reported

Detecton and Gradient reverse R? value of 0.99 and [1.50]

separation of metanil

yellow, curcumin,

phase high

pressure liquid

bisdemethoxycurcumin chromatography

less than 2% relative
standard deviation value

were achieved

and (RP-HPLC)
demethoxycurcumin
Metanil yellow Handheld NIR  PLSR 0.33% LOD and 1.10% [1.51]
adulteration detection LOQ were resulted
Detection of tartrazine Different PCA and R? value in the tune of  [1.52]
colored rice flour spectral bands  Bhattacharya 0.98 — 0.99 was resulted
and peaks of distance
multispectral
imaging
Detection of metanil ~ Variation in Resulted R? was more  [1.53]

yellow adulteration

parameters like

capacitance,

than 0.9 with

repeatability error about

13
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impedance, 2—4%
conductance, and

current-voltage

characteristics of

electrical

impedance

spectroscopy

Food Adulteration Act HPLC-PDA Calibration curve Recovery was in the [1.54]

of India (PFA, 2008) range of 51-86% in
Determination of sauce and 89-100% in
sudan dye-1 in chili powdered spice

and curry containing

foodstuffs

Extraction and In line MMPSD Recoveries in the range [1.55]
separation of sudan of 94.5-99.1%,

dye

Determination of LC-Mass Recoveries in the range [1.56]
banned dyes in spices spectrometry of 75.7-92.3%

All the listed works have conveyed excellent performance. However there are some inherent
limitations of most of the spectral and analytical methods which include expensive devices,
non-portability (except NIR based devices), and skilled manpower for operation, precise
sample preparation and loT-based system integration. Looking into those limitations the
scope of computer vision was explored as it has proven advantages of simple and low cost

implementation across diverse engineering applications.

14
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1.5. Computer vision system

Computer vision [1.57], also known as machine vision, mimics the characteristics of human
perception. It includes two components; measurements of features and pattern recognition
based on those features. Typically, a machine vision system includes uniform lighting
equipment for constant illumination of the object, a high-resolution camera or scanner to
confine the image of that object, and a processor or controller for further processing of the
image data [1.58]. To provide image-based automatic examination for quality control,
process control, and robot guidance, it is necessary to have knowledge of and skills in
computer vision. It is mostly utilized for optical gauging, quality control, sorting, part

assembly inspection, presence and absence, and industrial process management [1.59].
1.5.1. Organization of computer vision system

The main operations of a computer vision system comprises of image acquisition, object
detection, object recognition and decision making. The overview of the CV system can be

shown as Fig. 1.6.and the operating principle of these operations is described below.

15
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Fature extraction (except CNN)
Sl . + Feature extraction

* Sample preparation t——Jp| - Feature analysis

* Image acquisition » Feature selection

+ Image processing » Dimensionality reduction

Image dataset preparation

FS

Problem description
Identification of the
scope of computer vision

Dataset partisionting
* Training set
* Testing set

* Validation set
Decision making model development
* Regression models for continuous data prediction
* Classification models for discrete data prediction Training and validation of the model
* Both —> with respective dataset
No Fine tuning of the model

v

) Testing the model performance
44— Model performance evaluation  (g—— with unknown festing set

Further developments
* IoT integration
» Handheld device development

Fig. 1.6: Overview of Computer Vision System
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1.5.1.1. Image Acquisition

Image acquisition is the capturing of image from various sources .This is the first step in
computer vision. Depending on application and requirements, there are various types of
image capturing devices like scanner, digital camera, medical imaging devices etc. Some of

the major parameters governing the mage acquisition are as follows.

Lighting: Most CV systems consist of hardware components like lighting modules and sensor
devices. CV systems create images by analyzing the reflected, scattered or transmitted light
from the scene. The lighting techniques involve characteristics of light source and placement
with respect to the camera/acquisition device. The color of illumination s also an important

feature as the objects appearance and recorded intensities considerably vary according to that.

Lens: The lens or lens-mirror assembles are used for proper projection of
reflected/transmitted light on the image sensors. The lenses vary in optical quality and price.
The quality and resolution of the captured images depends on the lens arrangements. A fixed
lens as part of a standalone vision system typically uses autofocus, which could be a
mechanically adjusted lens that can automatically focus on the part [1.60]. Autofocus lenses
usually have a fixed field of view at a given distance. The image is presented it to the sensor

in the form of light.

Image sensor: The sensors in a CV system converts this light into a digital image which is
then sent to the processor for analysis. Some of the commonly used mage sensors are charge-
coupled device (CCD) [1.61] and complementary metal oxide-semiconductors (CMOS)
[1.62]. These have their own sensitivity characteristics against different spectrums of lights

and associated advantages and disadvantages.

17



Chapter 1: Introduction and scope of the thesis

Vision processing: Vision processing consists of algorithms that review the image and extract
required information, run the necessary inspection, and make a decision. Finally,
communication is typically accomplished by either a discrete 1/O signal or data sent over a

serial connection to a device that is logging information on the data.

Communications: The communication between the sensor and the output device is done by
either a discrete 1/0O signal or data sent over a serial connection to a device that is logging
information. Discrete 1/0 points may be connected to a programmable logic controller which
will use that information to control a work cell or an indicator such as a solenoid which might
be used to trigger a particular mechanism. Data communication by a serial connection can be
done by RS232 serial output [1.63]. Some systems employ a higher-level industrial protocol
like Ethernet/IP, which may be connected to a device like a monitor or other operator
interface to provide an operator interface specific to the application for convenient process

monitoring and control.
1.5.1.2. Operations and Analysis on Image

Different operations are to be performed on captured images. Some of the major operations

commonly performed under this head have been briefed below.

Denoising: Most of the captured images consist of noises. Noses can be of different types and
some are inherent due to hardware and lighting conditions. This step attempts to remove the
noises that mostly cause blurring, contrast distortions, and other sorts of distortions that can
cause distortions in features [1.64]. However, there are cases where the noises are not

removed to simulate the real-world scenario where the distortions are inevitable.
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Segmentation: In this step the image is analyzed and different segments are segregated. The
goal of this step is to isolate the region of interest (ROI) from the captured scene [1.65].

However, this also may not be needed for cases where only the ROI is captured strategically.
1.5.2. Feature Extraction

The segmented images are subjected to the feature extraction where some of the inherent
characteristics that are mathematically expressed being extracted from the images. Very
simple examples of such features are mean, median and such statistical values of the images

which are calculated from the pixel values.

There are three types of features which are most commonly extracted; color feature, texture
feature and shape feature. In case of color features a common practice is to convert mages
from its native RGB color space to other color spaces which provide much better
interpretation of colors. Texture features are calculated mostly based on the correlational
measures for example gray level co-occurrence matrix (GLCM) [1.66], local binary pattern
(LBP) [1.67], etc. The shape features are particularly important in case of object detection
and identification sort of problems. It can vary from a simple shape feature like chain code
[1.68] to mathematically complicated methods that can work on 3-D shapes. It is important to
note that in most of the cases a single of those three feature classes may not be sufficient for
robust performance hence depending on the applications sets of features are extracted that

can contain different types of feature with proper normalizations.

In many cases the features are extracted in a transformed domain. Frequency domain
transforms such as discrete Fourier transform (FT) [1.69], discrete cosine transform (DCT)

[1.70] and wavelet transform (WT) [1.71] are the most popular such transforms in image
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processing and CV. These transforms provide better interpretation of the images, particularly

in the case of local or region-based operations.
1.5.3. Decision making

This is the final step where based on the features the decision of the CV is declared.

Decisions broadly are of two types; classification and regression.

Classification: As the name says these tasks include identification of the class of the captured
image among different classes being considered in the problem. For example, if there are
pictures of different spices a classification problem’s goal is to identify the spice from the
picture where each type of spice is a class. So here the results are non-continuous and discrete

in nature.

Regression: In this case, the decision is continuous i.e. some value prediction which can be
any value n a defined scale depending on the problem. For example, if from the picture it was
a task to predict what the concentration of adulteration in a spice is then it would be a

regression problem as the concentration is a continuous number.

There are tasks where both of these tasks are to be performed and in general, the decision is

often called prediction which covers both classification and regression results in general.
1.5.4. Benefits of computer vision

Where human vision is the best for qualitative interpretation of a complex, unstructured
scene, CV excels at quantitative measurement of a structured scene because of its speed,
accuracy, and repeatability. For example, on a production line, a CV system can inspect
hundreds, or even thousands, of parts per minute [1.72]. A CV system built around the right

camera resolution and optics can easily inspect object details too small to be seen by the
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human eye. In removing physical contact between a test system and the parts being tested,
CV can be also helpful in preventing damage to machine parts. It can be instrumental in
reducing maintenance costs and implementing preventive maintenance. CV can also bring
additional safety prevent human contamination of clean rooms and protect human workers

from hazardous environments [1.73].
1.5.5. Applications of Computer Vision

The CV systems are a non-invasive techniques for the detection and analysis of different
parameters. Nowadays without using conventional laborious methods machine vision systems
are also being used. The application areas are widespread across food quality evaluation,
biomedical image analysis, industrial automation, image processing, financial services and
robotics. The sorting of vegetables and fruits, and the location of defects e.g., the location of
dark contaminants and insects in cereals can be detected using CV. In the case of biomedical
image analysis tumor detection, measurement of size and shape of internal organs, X-ray
inspection and blood cell count can also be done using CV. In the case of the field of robotics
and automation, not only obstacles can be avoided by automobiles through recognition and
interpretation of objects in a scene but even collision can be avoided. Although there are huge
reported literatures on application of CV in diverse engineering applications here a literature
review on application of CV in food quality detection has been presented since this is the

focus of this thesis.
1.6. Literature review on applications of computer vision in food quality assessment

The focus of the literature review presented n Table 1.3 remains on the application of CV in

food quality assessment where the term food includes food ingredients as well.
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Table 1.3: Major works reported in food quality assessment using CV based detection

methods

Application area Working Principle Resulted performance Ref.
Sugarcane quality Color features of the The performance resulted in 93-  [1.74]
images and different 98% accuracy across different
pre-trained CNN CNN models
models
Apple bruises NIR images were With more than 95% accuracy [1.75]
detection further subjected to early bruises in apples were
different image detected
processing algorithms
like segmentation,
Hough transform, etc.
Quality assessment  In-house image For color images and X-ray [1.76]
of mango fruits database were images about 91.52% and 98.7%
prepared both spectral  accuracy were achieved,
and soft X-ray respectively
imaging followed by
data analysis using
multilayer perceptron
neural network (MLP
NN) and CNNs
Quiality inspection YOLO-V5 framework  The resulted precision was about [1.77]
and sorting of chili ~ was developed 0.90
products
Detection of fruit The types of fruits was About 95% accuracy in the [1.78]
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freshness

identified using CNN
and the freshness
assessment as well as
shelf life prediction
was made using
Gaussian Naive Bayes

(GNB) and random

classification of fruit and about
88% accuracy in shelf-life

prediction were achieved

forest
Detection of black Colored images were  About 87.39% - 98.75% [1.79]
tea fermentation subjected to feature accuracies were achieved using
extraction where about different classifiers
150 statistical features
were extracted and
subjected to k-NN,
SRC and SVM
Intramuscular fat Semantic About 93.28% accuracy was [1.80]
content in pork cut ~ segmentation-based achieved across the prediction of
deep learning model fat content across different cuts
Rice plant defect Used modified- Achieved about 99% accuracy [1.81]
detection Xception network for  on domestic and public dataset.
classification with the
features extracted by
ResNet
Apple quality Used FCN-ResNet 18  Achieved 86.7% and 92.6% [1.82]
inspection and for quality inspection  accuracy for grading and about
grading and SSD-MobileNet 95% average accuracy for
for grading quality assessment
Wheat-grain Hyper parameter About 98% accuracy was [1.83]
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classification tuned CNN archived
Prediction of rice Four varieties of rice Accuracy for different networks [1.84]
seed germination from Tamilnadu were  varied between 89 — 99%
classified using pre-
trained Alexnet,
Resnet, inception v3.0
models
Grape leaf disease Artificial bee colony  About 90 - 93% correct [1.85]
detection based feature selection prediction was achieved with
followed by SVM and 8SVM and 85 — 90% for KNN
KNN-based
classification of
diseases
Detection of Feature selection was  The results showed 100% [1.86]
Nitrosamine n red conducted using p- sensitivity and 71.21%
meat value of Mann- specificity with a R? value n the
Whitney U test and tune of 0.85
classified using PLS-
DA algorithm
Grading and sorting  Color, texture, size SVM and back propagation [1.87]

of cashew

and shape features
were extracted upon
taking
Multisresolutional
wavelet and
Contourlet transform
which were subjected

to SVM and back

neural networks resulted more
than 99% and 97% accuracy,

respectively
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propagation neural
network for

classification

Detection of foreign  Walnut images About 99% and 95% accuracy [1.88]
objects in walnuts containing different were achieved for the detection

natural and man-made and classification of foreign

foreign objects were objects

classified using deep

neural network
Identification of Seventeen color R? value of 0.98 and 0.97 were  [1.89]
Enzyme growth in features were achieved for polyphenol oxidase
banana peel extracted and a genetic and peroxidase enzymes

programming model detection, respectively

was used for

identification of

polyphenol oxidase

and peroxidase

enzymes
In-line sorting of Different shape About 98% classification [1.90]

mango

parameters along with
Fourier transformed
features were
extracted from the
mango images and

used for classification

accuracy was achieved
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1.7. Problem description

The literature review conveys that the detection of adulterations in spices is a challenge to
human health. As turmeric is one of the most popular spices in India and other Asian
countries it is often been adulterated. Hence, the detection of adulteration in turmeric also
carries the utmost importance. The literature review reveals mostly different analytical and
instrumental methods are used for adulteration detection. Despite appreciable accuracy such
methods have drawbacks like expensive instruments, lengthy and precise sample-making
processes, invasive and destructive testing methods, and portability issues that limit their
realization in different locations in the supply chain for on-the-spot detection. The sample-
making for obtaining the result is also time-consuming and skilled labor-intensive in some
cases. The chemical reagents used for the detection purpose are costly, too. These motivate
towards the development of noninvasive, on-destructive, and chemical-free approaches for

food quality assessment.
1.8. Objective and scope of the thesis

The literature review reveals that computer vision frameworks have shown potential for those
limitations associated with conventional methods. It also conveys the promising potential of
deep learning methodologies over the conventional machine learning (ML) approaches.
Hence the scope of the thesis is to explore the potential of CV as an effective means for
detecting the presence of adulteration and the degree of adulterations also. This drives us to

find the answers to the following research questions (RQs) through this thesis work.
o RQZ1: Can computer vision be a possible alternative to existing techniques?

o RQ2: Can a deep learning-driven computer vision system perform well in adulteration

detection of turmeric powder?
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o RQ3: Can convolution neural network (CNN) perform competitively in adulteration

detection?

o RQ4: Can a computer vision-based model address the limitations of existing

techniques?
1.9. Thesis structure

The thesis comprises six chapters. The contents of the different chapters have been briefed

below;

Chapter 1, “Introduction and scope of the thesis” the significance of turmeric and its
adulteration scenario. Then the existing methodologies for adulteration detection have been
discussed. A concise overview of computer vision technology and its different components
has been presented here. It includes a detailed literature survey from different aspects. Then
it frames the problem description and outlines the objectives of this thesis work. Finally, it

frames research questions that have been answered through this thesis work.

Chapter 2, “Imaging Chamber Development and Performance Evaluation Methods”
describes the development of an indigenous imaging chamber towards consistency of
illumination. The different components and design aspects of the imaging chamber have been
described in detail. The chapter also presents the important evaluation parameters and metrics

that are commonly used in the CV fraternity to judge the performance of the CV models.

Chapter 3 “Detection of Metanil Yellow adulteration in turmeric powder” depicts the
identification and prediction of the metanil yellow adulterant in turmeric powder with the
machine vision. In this work, a new feature detection method has been presented. The chapter
also presents the application of deep neural networks (DNN) and random forests (RF) for the
detection of adulterated turmeric as well as the degree of adulteration.

27



Chapter 1: Introduction and scope of the thesis

Chapter 4 “Detection of Sudan dye-1 adulteration in turmeric powder” has been designed to
find the Sudan dye-1 adulteration in turmeric powder. Here a different color channel-based
feature extraction has been proposed. For prediction purposes, a new framework of ensemble

multiple RFs has been proposed.

Chapter 5 “Detection of Starch adulteration in turmeric powder” deals with the detection of
starch in turmeric powder. Here the potential of CNN has been investigated where the CNN

model has been developed and optimized using the soft computing method.

Chapter 6 “Concluding Remarks” finally summarizes the major findings, merits, and
limitations of the presented methods, answers to the RQs, possible future extensions, and

concluding remarks.
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CHAPTER 2

Imaging chamber development and performance evaluation methods

2.1. Introduction

Illumination plays a pivotal role in computer vision-based systems [2.1] as the appearance as
well as features of the images significantly depends on the illumination under which image
acquisition has been performed. To reduce the inconsistency due to illumination variation this
chapter describes the imaging chamber which has been developed in-house. The goal of the
use of an imaging chamber is to use the same imaging conditions throughout the different
proposals that have been presented in this thesis. This in turn can bring more justified

comparison among the proposals.

This chapter includes another important aspect called performance evaluation methods.
Conventionally in the ML fraternity number of metrics are used that convey the performance
of the ML models from different aspects. This chapter includes the mathematical
development and interpretation of metrics that have been used across the different proposals

presented in this thesis.
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2.2. Principle of Human vision system

The ability to absorb and comprehend visual information from the surroundings is made
possible by the intricate and sophisticated sensory system that is vision system. To convert
light into images, which the brain subsequently interprets, requires cooperation between the
eyes, optic nerves, and different brain regions. The physiological foundation of visual
perception, or the capacity to recognize and interpret light, is the visual system. The system
creates an image and a mental representation of the surrounding environment by detecting,
transducing, and interpreting information about light within the visual range. The optical
system, which includes the cornea and lens, and the neural system, which includes the retina
and visual cortex, are the functional divisions of the visual system, which is connected to the
eye. The formation of monocular images, the neural mechanisms underlying stereopsis and
the assessment of distances to and between objects, motion perception, pattern recognition,
accurate motor coordination under visual guidance, and color vision are just a few of the
complex tasks that the visual system accomplishes based on the image-forming functionality
of the eye. When combined, these help with higher level activities like identifying objects.
Visual perception is the neuropsychological aspect of visual information processing; its
dysfunction is referred to as visual impairment, and its total absence is referred to as
blindness. The pupillary light reflex and circadian photo entrainment are two other non-image
generating visual functions of the visual system that operate independently of visual
perception. Major components of the human vision system consist of eye, optic nerve, macula
and fovea, vitreous humor and visual cortex. The different parts of eye are described below.
Cornea-The clear front layer of the eye which aids in focusing inward light. Pupil- The
opening in the center of the iris that controls the amount of light incoming into the eye. Lens-

A translucent, flexible device which helps to focus light onto the retina. Retina-The light-
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sensitive layer at the back of the eye which is made up of rods and cone-shaped
photoreceptors that translate light into electrical signals. Rods- Photoreceptor, which are
sensitive to low light levels.Cones-Photoreceptors, which are in charge of peripheral and
night vision, are sensitive to color vision. The basic mechanism behind human vision system

is depicted below

poSterior cortex
postenior core

anteror core

optical nerve

posterior surface
of comea

Fig. 2.1: Human optical system (courtesy: https://entokey.com/the-human-eye-as-an-optical-system/)

2.3. Imaging chamber development

The imaging chamber was developed in-house. The chassis of the chamber was made of

wood and the dimensions (length x breadth x height) were 0.5t x0.5ft x1ft . One of the walls of

the chamber remained hinged so that it could be opened for loading and unloading samples.
Fixed distance between the camera lens and sample under imaging was ensured throughout
the experimentations in this thesis. The four corners of the chamber were mounted with LED
strips. The strips were cut according to the diameter and each foot of the strip had 25 LEDs.
The color temperature of the strip was 6500K which simulates the natural daylight. The strips

were mounted using adhesive tapes which were in-built into the backside of the strips. The
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LEDs were of 2835 type and the driving current and wattage for each LED were 60mA and
0.2Watts. Each LED could give about 20 Lumen brightness hence when all the 4 sides of the
panel were illuminated the brightness of the closed panel was about 2000 Lumen. The color
rendering index (CRI) [2.2] of the LEDs was 80 (average of R1 — R8). The LED strips were
connected to a 12V 150W DC adaptor which was attached to the chassis. The on/off switch
was also provided at the outside wall. No external light sources like flashlights of mobile

phones or cameras were used during the imaging process.

To obtain improved smoothening and distribution of light inside the chamber diffusers were
used. In our chamber translucent diffuser paper was used. The thickness of the paper was
about 0.06mm. The diffuser sheets were cut into the required dimension and pasted at the

beads of the inner walls.

At the roof of the chassis, an opening was made to place the lens of the camera. The opening
was made such that in the case of a digital camera the focusing of the lens could be adjusted
through the lens movement. However, for mobile phone cameras which were also used in this
thesis to simulate more real-life scenarios such lens movements are not present. As shown in
Fig. 2.2 the digital camera was connected to the PC for image transfer using a USB 2.0
connector and Matlab programming platform. The loading mode and imaging mode of the
actual imaging chamber with labels of different parts/components have been shown in Fig.

2.3. and the closed imaging mode has been shown in Fig. 2.4.
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Fig. 2.2: The schematic of the operating principle of the imaging chamber

USB connector

Imaging chamber (open sample loading mode )

Digital camera

I1luminated chambe

Sample holder

Fig. 2.3: The actual imaging chamber with labeling to the different components
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Fig. 2.4: The actual imaging chamber in imaging mode after loading the sample
2.4. Performance evaluation methods

Different evaluation methods and metrics are commonly used in the ML fraternity to verify
and validate the potential of the models. The methods and metrics that have been used in this
thesis consistently in all the proposals have been briefed in this section for a better
understanding and interpretation of the results. It can be noted here that in the supervised
models of ML (as been used in this thesis) the entire experimental data is divided into three
parts; training, validation, and testing. The training data is used to train the supervised model,
validation data is used to validate the generalization of the model and testing is the unknown

data to the model used for verification of the model’s performance for unknown data.
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2.5. Model validation
2.5.1. Validation of generalization potential

Model validation [2.3] is an important step that ensures the avoidance of two undesired
situations called under- and over-fitting. In under-fitting the model performs poorly for both
training and validation data. In other words, the model is still capable to learn and perform
better. Over-fitting is a more critical one where the model performs substantially with
training data but not with validation data. Commonly these are referred to as generalization
problems which limit the model for real-life implementation. To verify the generalization
potential the common practice is to use the accuracy and loss plots where the accuracy and
loss values both for training and validation sets in different epochs are plotted. The desired
plot will result similarity in the plot nature between training and validation. Also, a small gap
at the end between the plots is desired to ensure a small bias high variance nature of the
model. Some examples of the plots for under- and over-fitting [2.4] cases have been shown in

Fig. 2.5.
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Fig. 2.5: Illlustration of (a) undesired and (b) desired loss plots along with (c) undesired and (d)
desired accuracy plots for training and validation data. (These are randomly generated plots for

explanation not plots of any studies conducted in this thesis work).
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2.5.2. k-fold cross validation

This is used to verify the consistency potential of the model. In this case, the entire dataset is
split into k number of random splits called folds (in our thesis k=10) [2.5]. Out of these k
folds k-1 folds are used for training the model and the rest 1 fold is used for testing. This is
repeated for k to ensure each of the folds is subjected to training and testing data at least once.
The selection of folds is also cyclic in manner e.g. in the case of 10-fold cross validation if in
the first run folds 2 — 10 are subjected as training set and 1% fold is testing then in the next run
fold 1 and 3 — 10 will be training set and 2" fold will be testing. Figure 2.6 presents a 10-fold
cross-validation graphically where the gray shaded cells represent training folds and the white
cell is the testing cell. This concept is shown schematically. This is also sometimes used for
parameter optimization of the model where the hyperparameter values for the fold where the

model resulted in the highest accuracy and lowest loss are taken for experimentations.
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Split2 | Foldl | Fold2 | Fold3 | Fold4 | Fold5 | Fold6 | Fold7 | Fold8 | Fold9 | Fold10

Split3 | Foldl | Fold2 | Fold3 | Fold4 | Fold5 | Fold6 | Fold7 | Fold8 | Fold9 | Fold10

Split4 | Foldl | Fold2 | Fold3 | Fold4 | Fold5 | Fold6 | Fold7 | Fold8 | Fold9 | Fold10

Split5 | Foldl | Fold2 | Fold3 | Fold4 | Fold5 | Fold6 | Fold7 | Fold8 | Fold9 | Fold10

Splité | Foldl | Fold2 | Fold3 | Fold4 | Fold5 | Fold6 | Fold7 | Fold8 | Fold9 | Fold10

Split7 | Foldl | Fold2 | Fold3 | Fold4 | Fold5 | Fold6 | Fold7 | Fold8 | Fold9 | Fold10

Split8 | Foldl | Fold2 | Fold3 | Fold4 | Fold5 | Fold6 | Fold7 | Fold8 | Fold9 | Fold10

Split9 | Foldl | Fold2 | Fold3 | Fold4 | Fold5 | Fold6 | Fold7 | Fold8 | Fold9 | Fold10

Splitl0 | Foldl | Fold2 | Fold3 | Fold4 | Fold5 | Fold6 | Fold7 | Fold8 | Fold9 | Fold10

Fig. 2.6: A 10-fold cross-validation where shaded cells are training folds and white cells are testing

folds. The tunable parameters of ML or optimization algorithms.
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2.5.3. Confusion matrix

Confusion matrix [2.6] is one of the most popular metrics used across the ML fraternity to
verify the performance potential of models, particularly, for classification tasks. For a binary
classification task where there are two classes called positive and negative it can be
represented as the matrix shown in Fig. 2.7.As it can be seen results are segregated into 4
attributes; namely true positive (TP), false positive (FP), true negative (TN) and false
negative (FN). TP are the classified samples that have been correctly classified as positive
while FP are the samples that are negative but have been identified as positive. Similarly, TN
is the cases that have been correctly identified as negative but FN are positive but identified
as negative. Although, the concept of a confusion matrix is developed on a binary
classification basis it can be extended to multiple classes considering the one-vs-all (OVA)

[2.7] strategy where the class to be identified is taken as positive and all rest are negative.

Actual classes

(%2}

2 Positive Negative
i

(&]

kS Positive TP FP

8

3 Negative | FN TN

(a

Fig. 2.7: Confusion matrix of binary classification.

It can be noted that the confusion matrix can be shown both in terms of numbers of TP, FP,
FN, and TN or also as a percentage. Since percentage provides a better picture of the

performance in this thesis that has been followed for all the proposed methods.
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2.5.3.1. Metrics derived from confusion matrix

The following metrics are derived from confusion matrix parameters which convey the

potential of the models from different aspects.

Precision: It reflects the cases which have been predicted as positive by the model are
truly positive in reality [2.8]. This is also called ‘confidence’ and mathematically

expressed as Eq. 2.1.

2.1)

.. TP
Precision=
TP+ FP

Recall: It reflects how many of the real positive cases have been predicted as positive
by the model [2.8]. This is also called ‘sensitivity’ and mathematically expressed as

Eq. 2.2.

Recall—— (2.2)
TP+FN

F-measure: It is the harmonic mean of precision and recall as shown in Eq. 2.3 [2.8].
It is particularly useful to measure the consistency and balance of the model, which
means whether the model can perform well across all the classes in the problem or the
performance is biased towards some classes and poor for other classes.

2xrecallx precision (2.3)

F _measure= —
(recall+ precision)

Accuracy: It is a simple measure of how many samples have been correctly classified
in individual classes and this can be extended to the entire testing dataset by summing
the diagonal values and dividing by a total number of samples under consideration.
The class-wise and overall accuracy can be expressed as Eq. 2.4 and 2.5, respectively.

TP, +TN,
TP, +TN, +FP, +FN,

Accuracy, = ; k is the class index (2.4)

50



Chapter 2: Imaging chamber development and performance evaluation
methods

D (TP +TN)

k
Totalnumberof samples

(2.5)

Accu raCyyveral =

e Receiver Operating Characteristics (ROC): This is a comparison between true
positive rate (TPR) and false positive rate (FPR) where TPR is ratio of number of
predicted positive cases to the actual positive cases and FPR is similarly ratio of
predicted negative cases to actual negative cases. TPR and FPR are also referred as

sensitivity and specificity, respectively [2.9]. Equation 2.6 and 2.7 represent these

parameters.

TPR=——_'" (2.6)
TP+FN

FPR=—1 N (2.7)
TN +FP

e ROC-AUC: The area under the curve (AUC) of ROC plot conveys the probability of
accurate prediction for the model [2.10]. It is conventionally plotted against a naive
classifier with a 45° straight line which has a 50% probability of correct prediction,
means it has equal chances to predict positive and negative for any sample. An
example of ROC-AUC plot is shown in Fig. 2.7 where this naive classifier is shown
in dotted line. The classifier 1 in Fig. 2.8 has low AUC than classifier 2, hence

classifier 2 is considered to be a better model.
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Fig. 2.8: ROC plot.
2.6. Evaluation of regression results

The previously described metrics are mostly used in the case of classification tasks. For
regression-based predictions, there are separate metrics as class-wise metrics like confusion
matrix cannot work there. Following are some of the most commonly used metrics for

regression-based prediction tasks [2.11].

e Root means squared error (RMSE): It is the measure of the difference between actual

and prediction values and can be calculated as Eq. 2.8.
N 1% ~ 2
RMSE(y, 9)= —Z(yj —yj) (2.8)

where; yand yare actual and predicted values, respectively and j is the index of

samples. A lower value of RMSE is desired for a good prediction model.
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Mean absolute error (MAE): MAE is also popularly used as a loss function to assess

the potential of the model and is expressed as Eq. 2.9.

o 1 .
MAE(y, Y)=HZ|)’1 -9; (2.9)
1

where; yand yare actual and predicted values, respectively and j is the index of

samples. Being a loss function this metric also reflects better potential with lower
values.
Coefficient of determination: This measure is popularly referred to as R?value. This is

represented as Eq. 2.10.

RSS
TSS

R?=1- (2.10)

n
where; RSS stands for the residual sum of squares and is calculated as Z(yj ~y,F and
j=1

n
TSS stands for a total sum of squares and is calculated as Z(y j —7)2 considering y as
j=1

the mean of the samples. A higher value i.e. close to 1 represents good prediction
potential of the model.

Residual plot: This is a graphical representation of the predicted results [2.12]. In this
plots the signed difference between actual and predicted values are plotted as scatter
plot and a reference line is put at the value 0. This reference line helps to see the
degree of deviation resulting from the predicted values. The more the points are closer
and on the reference line better the prediction potential. This plot also helps to
identify the number of outliers resulting from the prediction model. Examples of

residual plots have been shown in Fig. 2.9.
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Fig. 2.9: Residual plot with random data.

2.7. Implementation environment

All the methods proposed in this thesis were implemented in Windows PC having a corei3
processor with 8GB RAM. The image cropping and processing were performed in Matlab.
The machine learning algorithms were implemented in Python using Spyder IDE and

standard libraries.

2.8. Conclusion

This chapter presents the detail of the indigenous imaging chamber that has been used
throughout the works carried under this thesis. The chapter also elucidates the major quality
evaluation methods and metrics which have been used for all the proposals. The objective of
this was to provide a preamble of the evaluation method which can be helpful to evaluate the

proposals presented in this thesis.
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CHAPTER 3

Detection of Metanil Yellow Adulteration in Turmeric Powder

3.1. Introduction

This chapter presents a computer vision framework to identify the metanil yellow (MET)
adulteration in powdered turmeric. Among different adulterants, MET is one of the most
commonly used ones. It is a synthetic compound (C1sH14N3NaOsS) and gives a bright yellow
appearance to the turmeric powder. Its similarity to the turmeric powder appearance is one of
the main reasons for its common usage as an adulterant to turmeric powder [3.1]. Its
consumption can cause severe health hazards to gastrointestinal function, liver, and even to
the extent of cancer [3.2]. Thus detecting the presence of MET in powdered turmeric is of
immense importance but a very difficult task due to its appearance-wise similarity to the

turmeric powder [3.3].

The works presented in this chapter has been partially published in author's following
publication Mandal, D., Chatterjee, A., & Tudu, B. (2022). A deep neural network and random
forests driven computer vision framework for identification and prediction of metanil yellow
adulteration in turmeric powder. Concurrency and Computation: Practice and Experience,
34(1), e6500.
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Chemical and spectral analysis using analytical instruments [3.4] are the most widely
reported techniques for MET adulteration in turmeric some of the major such works have
been briefed here. The application of a gradient reverse-phase high-pressure liquid
chromatographic (RP-HPLC) method is reported in. The application of NIR-spectroscopy has
shown the coefficient of determination (R?) value up to 0.99[3.5]. The application of FT-
Raman and FT-IR spectroscopy reported in has shown a correlation coefficient of 0.93 and
0.95 for FT-IR and FT-Raman, respectively [3.6]. The application of HPLC using fused core-
column for the detection of different curcuminoids has shown more than 99% prediction

accuracy.

Fourier transform infrared spectroscopy-partial least square (FTIR-PLS) has also been
applied to the detection and analysis of total and individual curcuminoids which resulted in
more than 98% prediction capability in terms of R? values Application of reverse phase
HPLC has also shown more than 99% prediction capability for purity determination of
turmeric dietary supplements [3.7]. The equivalent degree of prediction capability has also
been reported for geographical discrimination in curcuminoid content in turmeric using a
rapid UPLC-DAD-validated analytical method [3.8]. Two-dimensional high-performance
thin-layer chromatography (2D-HPTLC) [3.9] has also been employed to detect extraneous
colors in turmeric powder. In[3.10] Savitzky-Golay first-derivative-based pre-processing of
the NIR handheld spectrometer response was subjected to extract the first principal
component (PC1) of principal component analysis (PCA) and that was used as a feature to
classify adulterated turmeric powder using soft independent modeling class analogy
(SIMCA) model. The amount of MET has been predicted using a handheld NIR device and

partial least square regression and obtained more than 96% prediction accuracy in terms of R?

58



Chapter 3: Detection of Metanil Yellow Adulteration in turmeric powder
values[3.11].In a DNA barcoding-based application of adulteration[3.12] detection in

turmeric has been reported.

This chapter includes in-house database preparation with different degrees of adulteration and
imaging of the samples using the indigenous imaging chamber described in Chapter 2. The
working principle is based on machine vision which has emerging applications in various
fields including food quality surveillance [3.13], geoinformation systems [3.14], medical
applications [3.15], and security surveillance systems [3.16]. The chapter also presents new
frequency domain image features. The application of random forest (RF) and deep neural
networks (DNN) as classifiers and predictors have also been presented in the chapter. The

chapter concludes with the obtained results and related discussions.
3.2. Materials and methods
3.2.1. Experimental in-house database preparation

Here five varieties of turmeric powder were examined in this study; one was made in-house,
and the other four were packaged organic turmeric powders from four well-known companies
that claim to be 100% pure. To make the in-house version of turmeric powder, with raw
turmeric roots obtained from nearby markets. After 15 minutes of boiling in water, the roots
were dried in an oven set at 70°C. To make powder, the dried roots were placed in a mixer
blender .After grounding each of the five turmeric variations was divided into four equal
portions. MET of the Sigma Aldrich brand was procured from research lab suppliers. One
part was labeled "pure” since it had not been subjected to the mixing of MET. The remaining
three portions were marked as "adulterated" after being adulterated with three different

percentages of MET. The weight-on-weight (w/w) percentages of MET were 5%, 10%, and
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15%. The produced samples were kept dry and protected from the elements until the imaging

procedure was applied. They were stored in airtight containers.

Each of the 4 portions (1 pure and 3 adulterated) for each of the 5 turmeric samples (1
homemade and 4 branded) was divided into 10 equal portions for imaging. The individual
classes for each portion were subjected 5 times in the imaging chamber. That resulted in 50
images for each portion and a total of 200 images for each of the 5 variants. This way the

final image database was comprised of 1000 (300x300) images with 250 pure labeled and

750 adulterated labeled samples having 250 images with each of 5%, 10%, and 15% MET
adulteration. Further 6 sub-images from each of the 1000 images were extracted randomly to
obtain the final image database with 6000 images. The image database preparation process
has been presented in Fig. 3.1. The images were captured in JPEG format since it is the most
widely used image format despite its lossy nature. Also achieving promising results with
JPEG images can vouch for the generalization possibilities of the presented model in a
mobile phone app-based development where the images will be captured by a mobile phone
camera in JPEG format. Some of the samples from the captured images of the in-house

database are shown in Fig. 3.2.
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Fig. 3.1: Schematic representation of dataset preparation strategy
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Fig. 3.2: Samples of images from the experimental image database
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3.2.2. Frequency domain feature extraction

The visual appearance of the pure and contaminated samples cannot be easily distinguished
in their native red, green, and blue (RGB) color scheme, as can be observed in Fig.3.2. To
provide more information than a device-dependent native image format like RGB, the
collected photos were first transformed to hue, saturation, and value (HSV) color space. Fig.
3.3 shows the characteristics of H, S, and V channel histograms for pure and adulterated test

images.

As it can be seen the shift in the peaks of the histogram is not very noticeable in the H and S
channels. This illustrates how the color and saturation of turmeric powder are largely
unaffected by the addition of MET. Given this, adulteration is hard to spot by straightforward
visual inspection. On the other hand, the shift in the V channel is easily visible, and also the
shift is towards the brighter side of the histogram. This conveys the fact that the addition of

MET provides a brighter appearance of pure turmeric which often misleads buyers.

pure adulterated

H channe! histogram § channel histogram V channe histogram

Occurance

Occurance

Hue levels Saturation levels Value levels

Fig. 3.3: Image analysis using histogram of HSV channels.
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After color space conversion the annular-mean feature (AMF) frequency domain feature
extraction technique was used on the V channel. There are several reasons why
frequency domain transforms are common in image processing applications; in this
instance, the simpler interpretation of the difference is one of them. Figure 3.4 shows
the fast Fourier transform (FFT) spectrum of images for pure and adulterated turmeric
which demonstrates the variations in frequency distributions. The FFT spectrum of pure
shows more mid-frequency components than the adulterated FFT spectrum. The
possible reason is, that adding yellow MET will introduce flatness to the image since
MET is quite smooth in texture and does not result in considerable fluctuations in
concentration when uniformly mixed with turmeric. That causes an overall texture
reduction in the adulterated sample which in turn causes the FFT spectra to concentrate
more towards the low-frequency regions, that is, the center of the spectra. AMF can be a
simple measure to quantify this observation. AMF due to its concentric annular
partitioning of the entire spectra can easily assess the amount of frequency
concentration among different frequency bands. For instance, the pure samples will
have higher values in the annular rings covering higher frequency bands since the FFT
spectra of adulterated samples do not show the presence of considerable frequency

components there.
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FFT spectra of pure FFT spectra of adulterated

Fig. 3.4: FFT spectra of pure and adulterated turmeric images.

The log-transformed FT spectra were subjected to an annular mean frequency (AMF) feature
extraction. AMF initially divides the FFT spectra into concentric annular rings as shown in
Fig. 3.5. Then the mean value of frequency under each ring was calculated and plotted as
shown in Fig. 3.5. The step size of the AMF could be user-specific where the numbers of
annular rings decide the length of the feature set. It can be noted that Fig.3 .5 shows an
example of a captured image from the database and AMF-masked FT spectra of V-channel
along with the plots of features extracted with 10, 20, and 30 annular rings. The plots of
Fig.3.5 also show how the AMF can visually distinguish between the pure and adulterated
turmeric samples. These AMFs were scaled to bring all the features in the same

interpretability by mean subtraction normalization as expressed in Eq. (3.1) [3.17].

X = (X—u)s (3.0

where, X is the scaled value of x, u, and s represent the mean and standard deviation of

the dataset.
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Apart from distinguishability, the plots have also revealed that there were no substantial
frequency concentrations at higher frequency ranges. Therefore, the higher frequency
concentrations which were resulting ‘0’ were truncated. For example, with 30 annular
rings, 23" ring onwards the values were becoming 0, hence the final featureset was
prepared taking to 23" value of the annular-mean filter output. The dimension of the

final feature set for classification and prediction was 6000%23.

Turmeric sample Annular-mean filter Filter fitted FT spectra
of V channel

Annular-mean feature with 10 annular rings Annular-mean feature with 20 annular rings

ney concentragi on
E

Mean foquency concentration

Mem freque
£

Annular ring number Annular ring number

Annular-mean feature with 30 annular rings

s Pare

— 5% Adulteration
= 0% Adslienatios
e | 5% Adizlienativn

Mem frequency concentrag on

3 u 3
Annular ring number

Fig. 3.5: Example of annular rings on FFT spectra and plots of extracted features with different

numbers of annular rings.
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3.2.3. Data analysis models

A deep neural network (DNN) is used here for analysis. Though DNN is suitable for large
data sets nowadays it is found suitable for small data sets also [3.18]. The remarkable
performance with small datasets [3.19] is the reason for using DNN.The feature set as
discussed in the previous section was subjected to a two-folded goal i.e. classification
between pure and adulterated turmeric powder and prediction of the probable degree of
adulteration present in the sample. Incorporating treatments such as data augmentation, pre-
trained models [3.20], and employing the cosine loss function [3.21] are commonly employed
when utilizing Deep Neural Network (DNN) with small datasets to mitigate overfitting
issues. This work highlights the utilization of two robust classification and regression models:
Random Forest (RF) [3.22] and Deep Neural Network (DNN) [3.23]. These models have
demonstrated superior performance compared to other classifiers [3.24] such as logistic
regression (LR), support vector machine (SVM), k-nearest neighbor (KNN), and decision tree
(DT) [3.25] classifiers across various engineering applications.. A brief introduction to these

two models has been included here.
3.2.3.1. Random forest (RF) classifier and regressor

RF is one of the robust ensemble learning algorithms that has shown better results than some
of the other popular algorithms in both classification and regression tasks. The base learner of
RF is decision tree (DT) but it overcomes the over-fitting problem of decision tree using an
ensemble of output from numbers of DTs. The over-fitting problem causes a lack of
generalization and poor performance on unknown data while excellent performance with the
known data. RF is widely used by different machine learning applications since it is also
advantageous in terms of smaller number of tunable parameters. In particular two major
tunable parameters are the number of trees (nwrees) and the number of variables (m| where p is

the total number of variables i.e. 23 in our case) attached to individual trees. During
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classification of observations, each DT in RF optimizes towards maximization of the
information gain (1G) calculated between the parent and child nodes resulted during splitting
using entropy as expressed as Eq. (3.2). The basic steps of the algorithm are shown in Table

3.1.
IG = entropy (parent) — [Weight average entropy (child)] (3.2)

Where, entropy for the observation is calculated using conventional formula considering as
the probability of occurrence of a particular instance in other word the probability of

belongingness to a particular class in case of classification.

Table 3.1: RF algorithm (for both classification and prediction)

Stepl: Initiate the algorithm with Nirees

Step 2: Associate each tree with a bootstrap from the original dataset
(bootstrap refers to the process of selecting a random subset of samples as
well as features from the entire dataset with replacement)

Step 3: Unpruned regression or classification trees (TyS) are grown to the
bootstrap samples repeating following rules at each terminal node:
Randomly myyvariables from the total p variables in the model are chosen
The variable that results in best binary split of the input space is calculated.
The variable that results in the best binary split of the input space is
calculated.

The input space is split with the chosen best-split variable.

Step 4: The final classification and prediction decision is made based on the
output of all trees created by an algorithm. For prediction, the averages of

all the predictions from individual trees are calculated as follows and are
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declared as the final prediction.

P(x,) ==

2 -4 T, (x;) for prediction on i" sample of on feature set x

For classification applications, the majority voting strategy is used where
the class to which the majority of the trees vote is declared as the final

output.

The RF model is commonly evaluated against the out-of-bag (OOB) error metric. In
general two-thirds of the entire dataset is used for training and the remaining one-third
is used for OOB error evaluation. This ensures that the trees are subjected to predict the
samples with which they have not been trained. The performance of the RF in this work
with the different numbers of trees and the OOB errors with different trees are shown in
Fig.3.6. It can be seen that the OOB error does not improve after engaging 2000 trees.
Hence nyeesparameter for our model is fixed as 2000. The trained RF model has been

used for both prediction and classification purposes in this work.
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Fig. 3.6: Oob errors plotting of RF model with different number of trees.

3.2.3.2. Deep neural network (DNN) classifier

DNN is one of the emerging machine learning algorithms that has shown remarkable

performance across diverse fields. It is particularly important for cases where the data spread
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is complex, and non-linear and its parent proposition artificial neural network (ANN)
performs poorly to establish a satisfying correlation between input and output data pattern.
DNN consists of three types of layers, input, hidden (maybe one or multiple), and output
layer. Each layer consists of a given number of operational nodes. The nodes are designed
with an activation function that governs the non-linearity and output of the nodes. In DNN all
the nodes between different layers are connected in a weighted fashion .Output nodes provide
the probabilities of belongingness to the different classes based on the activation function of
the output layer nodes. The DNN reaches the training goal by minimizing the loss function

following the specified minimization algorithm.

In the presented architecture the activation function of the hidden layer nodes is set as a
rectified linear unit (ReLU). The transformation of input data with ReLU follows Eq.(3.3)
[3.26] which shows that the output of the ReLU function is the same as the input z value in

case z is positive else it is 0.

R(z) = max (0,z) (3.3)

The activation function of the output node was set to softmax which follows the principle
shown in Eq. (3.4) [3.27] where p is the probability of belongingness to the j™ class among

total k classes.

EL

p(y = jle%) = kﬂ n (3.4)

j=o

The weight adjustment of the network is achieved by a back-propagation mechanism
where the loss at the output layer is calculated by a categorical-cross-entropy function

that generates a probability distribution among a defined number of classes while the
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sum of all the probabilities becomes 1. The expression for categorical- cross-entropy is
shown in Eq. (3.5) [3.28] considering y and the actual and predicted result on M

observations and N classes.

L, F) = — Zio Zike(ijlog B) (35)

The weight adjustment is achieved using adam [3.29] dynamics which make a balance
between stochastic gradient descent (SGD) and RMSprop. The learning rate is scaled
using a squared gradient and the momentum attribute of SGD. The main advantage of
adam is its automatic adjustment of the learning rate in an adaptive manner. The weight
update in adam is expressed as Eq.(3.6) where is the weight at t™" iteration, is the step
size which depends on the number of iterations, and is the bias-corrected estimators for

the first and second moments and very small constant value can be set as 108,

E?

W, = W47

(3.6)

L]

N

One advantage of DNN is its potential to avoid over-fitting by the use of a batch
normalization mechanism [3.30]. This function re-centers and rescales the output of a
hidden layer before passing it to the next hidden/output layer toward reducing the
internal covariance shift of the nodes in that hidden layer. It is implemented through
mini-batch statistics where a mini-batch in and the output is expressed as Eq. (3.7). The
DNN model parameters as implemented for this work are listed in Table 3.2 and the

general architecture is shown in Fig.3.7.

Yi <_7)A(i +ﬁEBNy,/}(Xi) (3'7)

m

o . or- 1
Where, 3, <_X|2_#B ; & asmall constant for numerical stability, o2 <—EZ(Xi —ug )
Opg +& i=1
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m
the variance and g <—%in : mean of the mini-batch B comprising m data points.

i=1

Table 3.2: DNN layer parameters

Layer Output shape No. of parameters
Dense 1 (None, 500) 3500
Batch_normalization 1 (Batch(None, 500)) 2000

Dense 2 (None, 250) 125250
Batch_normalization 2 (Batch(None, 520)) 1000

Dense 3 (None, 125) 31375
Batch_normalization 3 (Batch(None, 125)) 500

Dense 4 (None, 50) 6300
Batch_normalization 4 (Batch(None, 50)) 200

Dense 5 (None, 2) 102

Total parameters: 170,227
Trainable parameters: 168,377

Non-trainable parameters: 1,850
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Adulterated

Fig. 3.7: General architecture of DNN.

3.3. Results and discussions

The entire dataset containing 6000 observations was partitioned into training, validation, and
testing set in 60:20:20 ratios. The DNN model stability was verified using training-validation
statistics as shown in Fig. 3.8 where the DNN model was trained for 500 epochs. The
parameter values of DNN and RF as used for this work have been consolidated in Table 3.3.
Figure 3.8 shows that both the accuracy and loss plots for the validation set closely match the
trend of training plots with a small gap between them. Matlab was used for image acquisition
and pre-processing, and Python was used for classification and prediction using Anaconda
Spyder [3.31], Tensor Flow 2.0 backend [3.32], Scikit-learn [3.32] Python libraries, and
keras[3.30]Such similar trends confirm that the model does not result in over- or under-fitting
and potential of generalization towards the correct identification of unknown observations.
The accuracy of the training and validation set was achieved to the tune of 98% and 96%,

respectively, which conveys the promising generalization potential of the model as well.
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Fig. 3.8: Model validation plots of training and validation set using (A) accuracy and (B) loss.

Another popular method for system consistency evaluation is 10-fold cross-validation. The
advantage of this process is that each of the observation is included as training and testing set
at least once. The repeated runs of 10-fold also convey stability and consistency in terms of
the standard deviation in accuracy values between the different runs. The results of 10-fold
cross-validations with the RF and DNN are shown in Table 3.4. For comparison purposes 10-
fold cross-validation results with four more popular classification models, namely, LR, KNN
DT, and convolutional neural network (CNN) have been included in Table 4. For LR, KNN,
and DT the same feature set has been used while for CNN the images are used as it is since it

does not require hand-engineered featureset. The images have been divided into training:

validation: and testing partitions in 60:20:20 ratios using keras libraries.
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Table 3.3: Parameter settings of DNN and RF

DNN parameters
Kernel initializer Random normal

Activation function

dense layers RelLU

output layer Softmax

Optimizer Adam

Loss function Categorical cross-
entropy

Batch size 64

Number of epochs 500

RF parameters

Ntrees 2000

max_tree_depth 8
min_samples_leaf 2
Optimization metric Mse

It can be noted that the inclusion of CNN [3.31] is to consider its emerging importance in
computer vision tasks. The CNN model used here is a basic model having 1 conv_2d layer as
input layer comprising 32 kernels, 1 2d max_pooling layer of filter dimension, 1 flatten layer
followed by a dense layer with ReLU activation having output dimension of 128, and a final
output layer of dimension 1 having sigmoid activation function. The presented scores are a
mean of 10 runs of 10-fold cross-validation where each fold has a random arrangement of

observations. Table 3.4 shows that RF, CNN, and DNN have performed better than the two
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other classifiers under consideration. The mean scores for RF, CNN, and DNN are 92.83%,
95.32%, and 97.89%, respectively. The DNN performs best among the classifiers not only in
terms of classification accuracy value but also has shown a much higher degree of

consistency by the lowest standard deviation value among the classifiers under consideration.

Table 3.4: 10-fold cross-validation results (mean of 10 runs)

Classifiers
Run LT KNN DT RF CNN DNN
1 0.7681 0.7527 0.8131 0.7527 0.9576  0.9795
2 0.7760 0.8461 0.8736 0.9560 0.9705 0.9949
3 0.8756 0.7472 0.9175 0.9285 0.9571 0.9745
4 0.8493 0.8397 0.8397 0.9005 0.8853  0.9566
5 0.9080 0.8618 0.7845 0.9171 0.9802 1
6 0.9004 0.9889 0.9392 0.9889 0.9418 0.9782
7 0.9134 0.9005 0.9226 0.9558 0.9217 0.9789
8 0.9065 0.9171 0.9723 0.9392 0.9657 0.9545
9 0.8197 0.9116 0.8729 0.9447 0.9922 0.976
10 0.9505 0.9558 0.9502 1 0.9594  0.9965
Mean 0.8668 0.8721 0.8886 0.9283 0.9532 0.9789
classification
accuracy
Highest classificatior 0.9505 0.9889 0.9723 1 09922 1
accuracy
Lowest classification 0.7681 0.7472 0.7845 0.7527 0.8853  0.9545
accuracy

Standard deviation +0.0616  +0.0753 +0.0589 +0.0686  +0.0347 +0.0153

Confusion matrix is another important metric for classification performance evaluation. This

matrix is constructed with 4 attributes; true positive (TP), true negative (TN), false positive
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(FP), and false negative (FN). From the matrix some important evaluation parameters,
namely, precision, recall, F1 score, and overall accuracy are derived following Egs. (3.8) —
(3.10). Precision assesses of out of predicted positive classes (pure in our case) by the model
how many are positive. Recall indicates out of all positive classes how many have been
correctly classified. A combination of higher precision, recall, and F-measure values reflects
a better model. As the name says overall accuracy indicates the overall performance of the
classification model. The confusion matrix on 1200 unknown (not-included in training and

validation stage) test observations with different classifiers are shown in Fig. 3.9.

Precision= (3.8)
TP +FP
TP
Re call ———— 3.9
TP +FN (3.9)
2xrecallx precision
F —measure="" ol — (3.10)
(recall + precision)
P A P A P A
A 88.5 11.5 A 94.7 53 R 96.7 33
< 14.6 85.6 < 12.2 878 < 1.2 89.8
LR KNN DT
P A P A P A
~ 973 27 = 96.9 3.1 ~ 98.1 1.9
< 24 97.6 < 3.7 96.3 < 1.5 98.5
RF CNN Proposed model

Fig. 3.9: Confusion matrix of different classifiers on unknown testing set.

The metric values derived from confusion matrix have been shown in Table 3.5. It shows that

DNN performs comparatively better than other classifiers under consideration with an overall

76



Chapter 3: Detection of Metanil Yellow Adulteration in turmeric powder

accuracy of about 98.5% over the unknown test dataset (1200 observations) and 99.01% over
the entire dataset (6000 observations). RF and CNN also perform well in terms of overall
accuracy over unknown test datasets and entire datasets with accuracy in the tune of more
than 96% and 97%, respectively. The F-measure values also show that DNN can outperform
other classifiers under consideration with values of more than 98% on both the unknown test
dataset and the entire dataset. The higher F-measure confirms an improved balance between
precision and recall with DNN. CNN also shows the tendency of overfitting with the current
architecture. However, this can be improved with more optimized CNN models .It can also
be noted that LR and KNN show 87% and 90% accuracy, respectively, on unknown test
datasets which is less than the performance of DNN but confirms the potential of the AMF
featureset proposed in this work that is small in length (only 23 features) and thus results in
faster decision making by the model. The result of DT reflects the over-fitting problem of the
DT algorithm which results in very good scores on the entire dataset since the training set is
very well classified but when it is subjected to unknown dataset it shows lack of
generalization and results poor accuracy as well as other metrics. The over-fitting problem is

visible with LR results also to some extent.
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Table 3.5: Performance evaluation of different classifiers

Classifiers  Recall (%0) Precision (%) F-Measure (%) Accuracy (%)

Test set Total set Test set Total set Test set Total set Test set Total set

LR 82.52  88.29 88.58 89.41 85.54 88.84 87.00 89.73
KNN 85.51 89.40 94.77 95.40 89.00 92.30 90.83 93.05
DT 87.71  97.63 96.71 96.97 91.98 97.29 92.75 97.33
RF 96.91 97.61 97.29 97.96 97.09 97.78 9750 97.85
CNN 96.91 98.07 95.24 98.58 96.07 98.32 96.58 98.20
DNN 98.07 98.97 98.07 98.86 98.07 98.91 98.33 99.01

Another very popular and efficient metric in classifier assessment is area under curve of
receiver operating characteristics (AUC-ROC). These metric plots the true positive rate vs.
false positive rate at different threshold values and calculate the area under the curve.
Conventionally it is plotted against the naive classifier that has 0.5 AUC-ROC which
indicates model has no class separation ability. Similarly, the higher AUC-ROC values reflect
higher capability towards separating the classes. The ROC plots for different classifiers under
consideration are shown in Fig. 3.10 for both entire dataset and unknown test dataset. The
AUC-ROC values are listed in Table 3.6. The plot shows that DNN results best classification
capability with about 98% classification potential while RF and DT also results better than
LR and KNN with AUC-ROC values close to 98% classification potential. The same
interpretation holds true for ROC plots as well. Plots for both test and entire dataset show that
RF and CNN are very close to DNN in terms of performance but CNN performs better in
case of entire dataset while in case of test set RF performs better than CNN. This again

confirms a lack of generalization with the present implementation of CNN Nevertheless, RF,
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CNN and DNN provides better potential to handle imbalance dataset i.e. the
samples/observations under different classes are not equal. DT performs well when entire
dataset is considered but not that well when unknown dataset is subjected due to tendency of
over-fitting.

Comparalive ROC plot between classifiers with test dataset Comparative ROC plot between classifiers with total dataset
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Fig. 3.10: AUC-ROC plots of different classifiers.

In Table 3.6 another important metric called log-loss values for each classifier have been
included. These values indicate the degree of deviation between predicted and actual labels.
This metric is also used for minimization of prediction errors. Values closer to 0 indicates
lower difference between predicted and actual labels and thus better classifiers. The log-loss
values also give consistent result as given by other metrics. DNN has provided least values of
0.6858 for the entire dataset and 1.1513 for unknown test dataset. DT, RF and CNN show
almost equivalent performance in total dataset but DT performs considerably poor in case of
test data. The lack of generalization in case of CNN is reflected with higher log-loss value for
the test set than that of the total dataset. The high log-loss values of LR and KNN also
confirm the potential of RF and DNN over those two classifiers since they have limited

capability to handle non-linearity present in the dataset.
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Table 3.6: AUC-ROC and log-loss values of different classifiers

Classifiers AUC-ROC Log-loss
Total dataset Test dataset ~ Total Test dataset
dataset

LR 0.9081 0.8946 3.1490 4.1642
KNN 0.9329 0.9160 2.3051 3.1661
DT 0.9771 0.8671 0.7810 4.6052
RF 0.9795 0.9562 0.7048 1.8229
CNN 0.9801 0.9488 0.7136 2.0341
DNN 0.9901 0.9868 0.6858 1.1513

The regression analysis was done with the same train, validation and test partitioning of
entire dataset. To evaluate the prediction capability of the regression model four popular
metrics have been used, namely, mean absolute error (MAE), root mean squared error
(RMSE) and R-squared (R?) score. MAE is calculated as the average of absolute difference
between actual and predicted values represented as and across all the observations under
consideration as shown in Eg. (3.11). RMSE is calculated as Eq. (3.12) and it is more
appropriate compared to MAE since the squaring of error gives higher weight to large
differences. Thus smaller values of MAE and RMSE are desired for better regression model.
R? is of particular interest as it depicts the ability of the predictor where the correlation
coefficient R value between an independent variable x and a dependent variable y for n

number of data points is calculated as Eg. (3.13).

MAE(yjryj):%Z“/j_yj | (3.11)
j=1

80



Chapter 3: Detection of Metanil Yellow Adulteration in turmeric powder

n

RMSE(y; . ¥; )= %Z(Vj -9;f (3.12)

j=L

(> x)-2x3) (3.13)
(ISR DTN

The R? values closer to 1 indicate better prediction capability. The metric values for three

R =

regression models against unknown test data and the entire dataset are shown in Table 3.7. It
shows that the RF regression model gives the best among the three regression models under
consideration that can provide more than 94% correct prediction capability on unknown test
data while on total dataset including the training data shows almost 99% prediction capability
in terms of R? values. The DT is showing the limitation of over-fitting in the case of the
regression model as well. The support vector regression (SVR) is another popular regression
model but in our case, it has not shown as good results as the other two regression models

under consideration.

Table 3.7: MAE, RMSEP and R? value comparison between different regression

models

Evaluation metrics  Regression models

DT RF SVR

Testset Total set Test set Total set Testset Total set

MAE 0.5694 0.1138 0.5770 0.2941 1.2815 1.2974
RMSEP 2.15 0.9643 1.4798 0.8485 2.5357  2.5337
R? 0.8552 0.9715 0.9418 0.9876 0.7998 0.8035

RMSEP - root mean square error of prediction

Table 3.8 represents a comparative illustration of prediction performance in terms of R? and
RMSEP with so near-infrared sorted spectral techniques involving infrared, Raman
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spectroscopy and near infrared spectroscopy. It shows that presented method can perform
competitively. In terms of R? the performance is poorer than PLSR method reported in
reference 3.7 but in terms of RMSEP it works equivalently. The method works equivalently
to the FT-Raman and FT-IR based techniques reported in reference 3.6 in terms of R? but
could not be compared in terms of RMSEP since that evaluation has not been reported in
reference 3.6. The method reported in reference outperforms all other techniques under
consideration in terms of both R? and RMSEP. Nevertheless, considering the simplicity, non-
invasive nature, low-cost and possibility of portable/mobile handheld device development in
future like NIR handheld devices, the presented method can be considered as a promising

initial step.

Table 3.8: Performance comparison against R?and RMSEP

Evaluation FT-Raman FT-IR PCR PLSR PLSR Presented method

parameter
R? 0.930 0.950 0965 0.974 0.980 0.942
RMSEP - - 0.890 0.725 1.53 1.47

Finally the assessment of the regression models was performed using residual plot. In this
plot, the signed difference between predicted and actual values are plotted. The difference is
plotted (generally in percentage scale) against the reference line plotted at 0. This plot can be
a good interpreter of performance using adherence between predicted and actual values. It
also shows the outliers’ resulting from the model. The residual plots for the RF regressor with
both the test and the entire dataset are shown previously in Fig. 3.9. The residual plots of Fig.

3.11show that the RF regression model can make closer predictions to the actual values of
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adulterations for both the test and total dataset. However, RF results in outliers but the
percentage of outliers is considerably less while considering the total sample points under

observation. Except for the outliers, the other points are within a very small range from the

reference line at 0.
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Fig. 3.11: Residual plots for different regression model on (a) test data and total dataset.
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3.4. Conclusion

The chapter presented a computer vision approach to detect and estimate the quantity of MET

adulteration in turmeric powder. Using an indigenous imaging chamber, photographs of pure

and adulterated turmeric powder containing 5%, 10%, and 15% w/w contaminated turmeric

powder were taken. From the sub-images of the acquired photos, AMF was recovered. DNN

and RF models, respectively, have been used to realize the classification and prediction tasks.

The findings demonstrate that the suggested approach can classify pure and adulterated

turmeric powder with greater than 98% accuracy, and it can predict the degree of MET

adulteration with greater than 94%.
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CHAPTER 4

Detection of Sudan dye-I adulteration in turmeric powder

4.1. Introduction

This chapter presents computer vision-based detection of adulteration using Sudan dye-I,
another commonly used adulterant [4.1]. Sudan dye-1 (C16H12N20) belongs to the azo dye
family, which also comprises several coloring agents like Sudan black, Sudan red, Sudan
orange, Sudan toluidine red, and more. These dyes are primarily used in different industrial
and household products but are not permitted as food additives [4.2] Sudan dyes can cause
toxic effects on human organs as they can produce aniline and its derivative compounds that
can even cause cancer threats. Hence they have been classified as category 3 carcinogens by
the International Agency for Research on Cancer (IARC). The use of Sudan dye in food and

food ingredients is thus prohibited by the food safety regulatory boards of many countries.

The works presented in this chapter has been partially published in author's following
publication Mandal, D., Chatterjee, A., & Tudu, B. (2022). A color channel based on multiple
Random Forest coupled with a computer vision technique for the detection and prediction of

Sudan dye-I adulteration in turmeric powder. Color Research & Application, 47(2), 388-400.
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Different analytical methods have been used for the detection of Sudan dye adulteration.
Some major works have been briefed here. High-performance liquid chromatography
(HPLC), the ODS Il column system, and the in-line micro-matrix solid-phase dispersion
(MMSPD) method [4.3] have been presented for the detection of variations of Sudan dye
adulteration in various spices. Under ideal conditions, the method has demonstrated
approximately 99% recovery of analytes. Regarding recovery values, a technique that
combines ion mobility spectrometry and headspace gas chromatography has been studied
in[4.4].In this regard, reports of Raman spectroscopy use have also been made, whereby
significant performance has been shown by applying linear discriminant analysis (LDA)
[4.5]and partial least squares regression (PLSR) techniques for classification and prediction,
respectively. With surface-enhanced Raman spectroscopy (SERS) [4.6], Sudan dye | have
been detected using principal component analysis (PCA) and wavelet transform [4.7].
Additionally, describes the use of PLSR and Fourier transform infrared (FT-IR) spectroscopy
for Sudan Red G adulteration, with noteworthy prediction performance demonstrated by
R?values greater than 0.97. Application of Raman spectroscopy has also been reported in
[4.8] and has shown high accuracy in prediction.2-directional high-performance thin-layer
chromatography (HPTLC) has also been employed for the detection of metanil yellow and
Sudan dye adulteration in turmeric [4.9]. Different techniques have also been reported in this
connection focusing on the chemical composition of adulterants. In-situ FTIR spectroscopy-
based study that reveals the site-specific extension of dynamic chemisorption complexity of
CO [4.10]. In [4.11] a simple and convenient method for constructing substituted
cycloheptenones from 1-bromoocta-1, 7-diene-3-ols has been presented. Synthesis of some
hydroxycyclohexene fused carbocycles derivatives has been reported in [4.12]. Ray et al.
[4.13] have presented a new Pd-catalyzed intramolecular Heck cyclization crystallization on

halogenated diene scaffolds undergoing various modes of cyclization and associated
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dependency on temperature. Studies on the adsorption of Nitrogen to a polymer of intrinsic
microporosity using in situ vibrational spectroscopy have been presented in [4.14]. The
investigations and results in [4.15] reveal the potential of N. vibrational spectroscopy to

identify the presence of porosity in case the sample quality is very small.

This chapter presents a database preparation with pure and adulterated turmeric powders,
implementing the classification and regression models for prediction and results along with
pertaining discussions on a computer vision model developed for Sudan dye-I detection in
turmeric powder. Computer vision has promising solutions in many engineering applications
[4.16]. Computer Vision has a remarkable application in the assessment of food quality
[4.17]. Among various machine learning algorithms, Random Forest (RF) [4.18] has been
used here for its inherent advantages of better potential to avoid over or under fitting

problems.
4.2. Materials and methods
4.2.1. Experimental in-house database preparation

Keeping synergy with the work reported in the previous chapter in this case also 5 variants of
pure turmeric powders were taken for experimentation. Among those 5 variants, 4 were
branded organic turmeric powders that claim 100% purity and were procured from the local
supermarket and 1 pure variant was prepared in-house following the process involving
boiling the raw turmeric roots followed by oven drying and grinding as described in [4.19].
The Sudan dye of the Sigma Aldrich brand was procured from a lab chemical supplier. Each
of the 5 variants of pure turmeric was divided into 4 equal portions that resulted total of 20
portions. Among the 20 portions, 1 portion of each variant was kept unadulterated while the

rest 3 portions were adulterated with 3 different percentages of concentration (w/w) that are
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5%, 10%, and 15%. Such mixing resulted in 5 pure and 15 adulterated samples comprising
of 5 adulterated samples for each concentration level. All the samples were preserved in air-

tight containers to avoid humidification until imaging.

Each of the prepared samples was divided into 5 equal portions and subjected to imaging.
The individually captured images were further cropped into 10 sub-images of size

300x300 pixels. The centers of these sub-images were randomly selected within the image
boundary. That resulted in total 20x5x10=1000 (no. of samples xno. of portions in each

sample for imaging xno. of sub-images) images. The features were extracted from these

1000 images. Some of the sample images are shown in Fig. 4.1.

5% Adulterated
10% Adulterated 15% Adulterated

Fig. 4.1: Samples of images from the image dataset
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4.2.2. Color feature extraction

One of the most crucial features for adulterant detection can be color features. However, the
native RGB color space cannot convey much about different aspects of color. Hence, it is a
common practice in computer vision research to convert the captured images into device-
independent color spaces. Hue, saturation, and value (HSV) and YCbCr are two popular color

spaces [4.20] in this context that provide deeper insight to color interpretations.

The captured images were converted to HSV and YcpYcr color spaces from the RGB color
space using standard conversion equations [4.21]. Although there are three different color
channels in each of the stated color spaces all color channels may not convey noticeable
differences. This motivated a channel-wise distinguishability analysis. To examine the
separability present between adulterated and pure samples the histograms of the captured
images were taken as features. Histogram has advantages like rotation invariance, simplicity,
and fixed length (256 in the case of 8-bit images). The histograms for different channels are

shown in Fig. 4.2.
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Fig. 4.2: Color channel based distinguishability analysis for pure and adulterated samples

Figure 4.2 clearly shows that all channels do not show distinguishability between pure and
adulterated samples equivalently. H channel shows the difference very clearly as the
yellowness of the sample images changes which directly causes the change of value
distribution in the H channel. Similarly, Cr channel also shows a very clear difference since
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this channel represents the presence of a red component. The color has a yellow appearance
and the mixing of Sudan dye contributes towards higher redness which eventually results
shifting of the histogram towards the higher side of the x-axis. It can be also seen that the
shift is linear as well i.e. both in Cr and H channel histogram pure, 5%, 10%, and 15%
adulterated samples’ peaks shift linearly towards the higher value of the x-axis. This

phenomenon reduces the complexity of the feature as well.

V and Y channels also show distinguishability but not to the extent of H and Cr channels. The
reason for this is Sudan dye | is not a bright material, hence the luminance of the images does
not change significantly. The S channel does not show much difference since all the
individual hues or shades have a similar degree of saturation. Similarly, the Cb channel
represents the blueness of the color which is also not a very differentiating factor as the

yellow color is a combination of different degrees of red and green.

It can also be observed that significant information in not present across the entire stretch of
the histogram rather it is concentrated in a particular region. For instance, the H channel
information is between 0 — 50 since the colors of the turmeric samples are inclined toward
yellow-red regions rather than the higher side representing the blue hues. Similarly, for Cr,
the information is concentrated in the range of 140 — 180. This way in the final featureset the
fragmented histogram of H, Cb, V, and Y channels was included to reduce the dimension of
the featureset. The dimension of the final featureset was 1000x 190 (no. of observation x no.

of features).

The feature suitability of was examined using principal component analysis (PCA) [4.22]. It
can be noted that traditionally PCA is used for dimension reduction, but in this case, it has
been used only to visualize the distinguishability that can be achieved using the presented

feature. In this section first analysis of feature suitability i.e. whether features are
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distinguishable or not is presented. The centroids of the clusters formed by PCA were
obtained using the K-means clustering technique [4.23]. Generally more the centers are away
from each other better the possibility of classification with the features. This is true for PCA
as well. A featureset that provide higher separability can show better distinguishability in
terms of clustering of points under different groups. The clusters of different classes and

corresponding centroids have been shown in Fig. 4.3 and Fig. 4.4, respectively.
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Fig. 4.3: PCA clustering of different classes for different color channels a) H, b) V, c¢) Y and d) Cr.

The legends are shown in the bottom.
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Fig. 4.4: The centroids of different classes using K-means clustering for color channels a) H, b) V, ¢)

Y, and d) Cr. The legends are shown at the bottom.

Figures 4.4 and 4.5 show that in terms of separability between clusters and the centroids of
various classes, the V and Cr color channels are most noticeable. It is also aligned with the
observations from the histograms shown in Fig.4.2. The H and Y channels exhibit
commendable separability about centroid locations; however, the degree of overlap between
the Pure and 5% adulteration clusters is greater than that of the V and Cr channels. Overall,
the figures demonstrate that the centroids migrate away as the amount of adulteration rises
The centroids of the pure and 5% adulteration observations, for example, are closer together
than the ones between the pure and the 10% and 15% adulterations. This distinguishability

attests to the color characteristics' potential for classification and prediction tasks.
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4.2.3. Data analysis model

In the previous chapter, the Random Forest (RF) model was introduced and found to be
competitive with DNN with the advantage of a much lesser number of tunable parameters.
This motivated to use RF alone as a classifier as well as a regressor for this work. However,

in this work, the ensemble characteristic of RF was extended to another level.

The RF algorithm has been used to classify and predict each of the H, V, Y, and Cr channels.
Then the results of each RF were ensemble using a majority voting strategy for the final
output of the model. In cases where both classes have got equal votes (that is both pure and
adulterated have got 2 votes) the decision of the Cr channel has been used for the final
decision. For prediction also majority voting strategy has been used i.e. highest number of
votes for one of the 0%, 5%, 10% and 15% values has been declared as final prediction. This
ensemble strategy can also help to handle outliers resulted in individual RF predictions as
shown later in the result section. The entire method presented in above section has been

shown in Fig. 4.5.
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RF is a supervised machine learning algorithm that is popular for its simplicity due to the
lesser number of parameters to be tuned. The conceptual forest is made up of several decision
trees (DTs) where each DT performs classification probabilistically. It uses a
bagging/bootstrapping concept [4.24] where each tree is subjected to different bootstrapping
samples in training. Before finalizing the model the trees are cross-validated with different
bootstrapping to which the DT was not subjected during training. The optimality of the model
can be assessed by out-of-bag (OOB) error [4.25]. Lower OOB error reflects the minimum
number of trees required for optimal model performance. It is also to be noted that RF is an
ensemble learning algorithm so each DT in the forest contributes towards the final decision.
The model decision is made based on the maximum voting concept for classification and
probability averaging for prediction tasks. The RF algorithm [4.26] pseudocode can be

provided in Table 4.1.

Table 4.1: Pseudocode of RF

Initialization

Number of DT (Ntrees), Optimization function, maximum number of
features per tree (Miry)

Training of individual tree

Bagging the samples (P) for each tree by random selection of M
observations and N features from the entire training dataset
P e XN where X is the entire dataset

Binary splitting the observations subjected to the DT using the cutoff
point [24] derived using the optimization function.

Higher values than cutoff point to the right node/leaf and lower values to

the left node/leaf.
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Continuing till the terminal node is reached.

Classification and prediction

Classification using mode value: Y, uificaion=m0d(y1, Y2

where Y is the terminal node of DT

Nlrees
Prediction using averaging: Y !

prediction—
trees j—

of individual DT.

---------- Yntrees)Ve

DY, where Y is the prediction

As different RF models have been used for different color channels the parameters of

individual models have been tuned separately. Table 4.2 shows the parameter setting for the

color channels of different models. These settings were arrived at by model evaluation using

the mean squared error of OOB (MSEyg) as shown in Fig. 4.6.

Table 4.2: Parameter settings for different RF models

Parameter RF_H RF_V RF_Y RF_Cr
Nitrees 400 1200 1000 1000
Optimization Entropy Entropy Entropy Entropy
criterion

Total feature-length 19 49 46 12
Mtry 4 4 8 12
Maximum leaf node 2 2 2 4
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Fig. 4.6: The OOB error plots for the RF model of color channels a) H, b) V, ¢) Y, and d) Cr. The red

line shows the chosen number of trees chosen for the model.
4.3. Results and discussions

A dataset of 1000 observations for each color channel, comprising 250 observations for each
of the pure and three classes of adulteration, was used for the experiments. Without any
overlap, the dataset was split into train, validation, and test sets in a 60:20:20 ratio. Such non-
overlapping sets can result in the testing of the model with unknown samples that were not
part of the training set. This in turn justifies the assessment of the generalization potential of

the model.

The classification models were first validated using a 10-fold cross-validation method. This
method is important as it divides the entire test and validation dataset into 10 folds and

subjected the folds to the model in an iterative manner. This ensures each data is subjected to
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training and testing for at least once. The result of 10-fold cross-validation shows the
accuracy attained for different folds. It also conveys the consistency of the model. Table 4.3
shows the 10-fold cross-validation results for all 4 channel-wise RF models. The Table also
includes the mean and standard deviations for each model. The standard deviation conveys
consistency and a lower standard deviation conveys higher consistency. As can be seen, all
the RF models can provide more than 90% accuracy. The standard deviations are also
considerably less across all the channels. Among the 4 RFs the RF_V and RF_Cr provide
higher average accuracy and lower standard deviations. Also for these two RF, the accuracy

reached 100% for some folds.

Table 4.3: Results of10-fold cross-validation for RF models

Folds Accuracy (%)
RF_H RF_V RF_Y RF_Cr

1 95.57 95.76 81.47 98.60
2 90.35 97.05 90.57 93.18
3 94.91 95.71 82.69 99.69
4 93.39 100 91.33 100

5 97.87 99.02 83.23 100

6 95.77 94.18 89.75 92.34
7 74.31 100 97.84 99.48
8 89.22 98.57 94.68 94.70
9 85.54 99.22 95.75 95.02
10 97.11 95.94 96.48 100
Average 91.40 97.55 90.38 97.30
Standard Deviation +7.15 +2.08 +6.07 +3.12
Highest value 97.87 100 97.84 100
Minimum value 74.31 94.18 81.47 92.34
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The classification results were further analyzed using different assessment metrics obtained
from the confusion matrix as shown in Table 4.4. It clearly shows that all the channels have
the potential to classify the pure and adulterated turmeric samples with more than 96%
accuracy. However, V and Cr channel classifiers have improved potential. The recall,
precision, and F1 scores also show the consistency and generalization potential of the
presented model. The recall rate of RF_Cr is highest but precision is not as good as that of
RF_V, the reason is Cr channel can classify the adulterated samples well but results in the
misclassification of pure samples which causes higher false positive cases. Python was used
to implement the algorithms using Scikit-learn [4.27] and Keras [4.28] libraries The
ROC_AUC value shows that the classifiers can provide maximum accuracy that is more than
98% for RF_V and a minimum of 95% for RF_Y. The Jaccard score/similarity measure
[4.29] also confirms high i.e. more than 97% similarity between the predicted and actual
classes. The parameters calculated on the final output of the model with the test set are shown
in Table 4. It conveys the advantages that the overall results address the shortcomings of
individual channel RF models. For instance, RF_V has good overall performance but a lower
recall rate while RF_Cr has a high recall value but lower precision. The ensemble of different
color channel RFs provides a balance between these variations as can be seen from the last
row of the table. It conveys better generalization and a better balance between correct true
positive and true negative predictions as well.

Table 4.4: Classification results using metrics of confusion matrix

Classification Accuracy Precision Recall F1 ROC_AUC Jaccard
model (%) (%) (%) score (%) score
RF_H 97.91 98.83 98.26 98.55 97.64 97.14
RF_V 98.33 99.41 98.26 98.83 98.38 97.70
RF_Y 96.25 97.67 97.10 97.40 95.56 94.91
RF_Cr 98.33 97.74 1.00 98.85 97.01 97.74
Final output 98.75 97.05 98.50 97.77 98.67 97.71
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Fig. 4.7: Confusion matrix for different RF models on the test set

A vital metric for evaluating classification performance is the confusion matrix, which
comprises four attributes: true positive (TP), true negative (TN), false positive (FP), and false
negative (FN). The confusion matrix for test observations utilizing various Random Forest

(RF) models is depicted in Figure 4.7.

The prediction potentials of the RF models were evaluated using three important metrics,
namely, root mean squared error (RMSE), coefficient of determination (R?), and mean
absolute error (MAE) [4.30]. The standard expressions of these parameters are included in
the Table 4.5. It shows that RF_Cr provides the lowest RMSE and MAE while the highest
R2values, RF_V perform equivalently and the rest of the color channel RFs also provide good
performance. The higher R? value of the final output-based assessment confirms that the
model can explain more than 99% of the variance present in the dataset which in turn
provides higher accuracy in prediction. The prediction accuracies are well observed in the

residual plots shown in Fig. 4.8 as well. The residual plots show how the predicted values are
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away from the actual values. A red line has been drawn at zero which is also called the
reference line. As it can be seen most of the residual values between the actual and predicted
amount of adulteration fall on this line. The outliers are also not high in numbers, for example
in RF_Cr prediction only 2 out of 200 observations (1%) have caused outliers. Therefore the

residual plots also confirm the potential of the presented model for the prediction task.

Table 4.5: Prediction performance by different RF models

Prediction model RMSE R? MAE
RF_H 0.4932 0.9960 0.0705
RF_V 0.0270 0.9997 0.0170
RF_Y 0.5683 0.9954 0.0751
RF_Cr 0.0021 0.9998 0.0056

;\‘o\ 0.02 ;\? 0.010;

\; 0.00 \q'; 0.005]

= 00 = o

E -0.04 g zx

2. =

é _2,22 "5 0.010

Q _0.10 % .

m 0 100 200 M o013 V] 100 200

Number of observations Number of observations
(@ (b)

;\;\ 0.03 ;\; 0.10

002 o 008

-% 0.01 ';::’ 0.06

: 000 .2 0.04

<
& 0. S |
&) o 0 100 200 m o0 0 100 200
Number of observations Number of observations
© @

Fig. 4.8: Residual plots for RF prediction models for a) H, b) V, c¢) Y and d) Cr color channels. The

red line at O is for reference.
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Figure 4.9 shows the advantage of ensemble multiple RFs. For this 100 random samples were
chosen and subjected to different RFs and final predictions were made using the majority
voting strategy. As can be seen in Fig. 4.9(a) some of the samples are not accurately
predicted for 5% and 10% adulterations (the red points not lying on the blue line). But in Fig.
4.9(b) the final predictions show no such deviations from the reference line (shown in red
color). This observation conveys the improved potential of ensemble RF for avoiding outliers

and higher prediction accuracy.
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Fig. 4.9: Residual plot for a) different RF models and b) final prediction output.

107



Chapter 4: Detection of Sudan dye-I adulteration in turmeric powder

Table 4.6 provides a comparison between different classifiers and predictors performance
with the featureset. In this presentation, 3 popular classifiers, namely logistic regression
(LogR), support vector machine (SVM), and a 3-layer deep neural network (DNN) model
implemented using standard Python libraries (sequential model of keras library) have been
included. Similarly, for prediction linear regressor (LinR) and support vector regressor (SVR)
models have been used for comparison. It can be noted that in this table the final performance
of the model has been included instead of channel wise performance.

Table 4.6: Performance comparison between different classifiers and prediction models

Classification Prediction
Metrics LogR SVM DNN Presented LinR  SVR Presented

model model

Overall 9583 96.25 97.50 98.75 - - -

accuracy

Precision 89.04 90.27 94.11 97.05 - - -

Recall 97.01 97.01 9552 98.50 - - -
RMSE - - - - 1.8180 1.5759 0.0053
R? - - - - 0.9833 0.9857 0.9998
MAE - - - - 1.0114 0.4966 0.0032

Table 4.6 shows that for both classification and prediction, the presented method provides
better performance than the other standard techniques under consideration. It can also be
noted that the presented model has a balance between precision and recall values like DNN. It
conveys the potential of ensemble strategy towards handling unbalanced datasets like ours
which comprised 250 pure and 750 adulterated observations. At the same time, the

classification accuracy to the tune of 95% by the LogR confirms the potential of the feature in
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terms of distinguishability between pure and adulterated samples. The same interpretation
holds for prediction as well. It can be seen that the presented method can provide high
accuracy in terms of R? value while lower MAE and RMSE confirm the consistency and

repeatability of the presented model.

Finally, a performance comparison in terms of R? between different reported techniques and
the proposed method has been presented in Table 4.7. In this case, also the potential of the
presented method is prominent. Despite simplicity and inexpensiveness, the presented

method is competitive with the other techniques under consideration.

Table 4.7: Prediction performance comparison in terms of coefficient of determination (R?)

MMPSD Gas FT Raman FT_IR Raman  Presented
Chromatography and IR method
Rz 0.9370 0.9900 0.9130- 0.9700 0.9700  0.9990
0.9900

4.4. Conclusion

This chapter has presented a computer vision framework powered by random forest predictor
and regressor for detecting Sudan dye-1 adulteration in powdered turmeric. Histogram-
derived color channel-based features have been applied to prediction and classification.
Tested against an internal experimental database, the results have demonstrated a promising
potential of nearly 99% accuracy. Therefore, the method's simplicity, non-invasiveness, and
low cost of operation make it a potential addition to the current analytical and instrumental

screening approaches.
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CHAPTER 5

Detection of starch adulteration in turmeric powder

5.1. Introduction

This chapter explores the scope of applying computer vision for starch adulteration detection
in turmeric powder. Unlike previously explained MET and Sudan Dye adulteration [5.1]
starch is used for volume-wise adulteration. Apart from starch, flour, wheat, and corn are also
used as volumetric adulterants [5.2]. The addition of such adulterants is although less harmful
as these do not include hazardous colors but they cause substantial loss in food and medicinal

values of turmeric [5.3].

This chapter presents the application of CNN for turmeric adulteration detection. The use of
CNN in flour adulteration detection has been reported by (Lanjewar et al., 2022) where about
95% classification accuracy has been reported with four levels of adulteration, and the

performance of the reported CNN was found to be better than the performance of some of the

The works presented in this chapter has been partially published in author's following
publication Mandal, D., Chatterjee, A., and Tudu, B., Identifying the degree of cornstarch
adulteration in turmeric powder using optimized convolutional neural network, Intelligent
Decision Technologies, Article in Press, DOI 10.3233/IDT-240656
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pre-trained models like VGG16, DenseNet and MobileNetV2. In this work, tartrazine-colored
rice was used as an adulterant which causes color adulteration. On the other hand, our work
was focused on volumetric adulteration using white wheat flour which is mixed in much

higher quantity.

Various analytical techniques have been employed to identify starch adulteration. Below are
summarized some significant methodologies utilized for this purpose. Corn starch was mixed
with turmeric in varying proportions and analyzed using FTIR [5.4] spectroscopy. The
overall efficiency of the analysis was approximately 94%. NIR spectroscopy was employed
to detect starch adulteration. Reflectance spectra were acquired within the 900 — 1700 nm
range, and subsequent signal processing involved filtering with a Savitzky—Golay (SG) filter
[5.5] The potential of IR spectroscopy in addressing this issue has been explored, with data
analysis conducted using PLS-DA and SIMCA techniques [5.6].IR spectroscopy has also
been applied in this context, wherein a genetic algorithm-based variable selection mechanism
was utilized for the PLS algorithm. This approach demonstrated an accuracy of
approximately 99% [5.7]. There has been the application of FT_NIR spectroscopy, and the
results show that when PLSR was employed as the regression model, the R? value was
between 0.91 and 0.99[5.8]. The loop-mediated isothermal amplification method [5.9] is used
for adulteration detection. A near-infrared (NIR) spectroscopy for detecting Sudan Red and
Metanil yellow adulterations achieved over 90% accuracy using Soft independent modeling
of class analogy (SIMCA) and partial least squares (PLS) techniques[5.10]. The detection of
Sudan Red and yellow in turmeric powder using Raman imaging and Fourier transform
infrared radiation (FT-IR) spectroscopy using partial least square regression (PLSR) method
results in R? values of 0.97 and 0.95 respectively[5.11]. FTIR and micro FTIR imaging with
orthogonal partial least squares-discriminant analysis (OPLS-DA) [5.12] yield more than
98% accuracy. Laser-induced breakdown spectroscopy (LIBS) has also been informed [5.13].

Sensor-based detection has shown notable potential in terms of recovery rate and relative
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standard deviation [5.14]. For the authentication of C. longa, a real-time PCR assay has

shown significant potential with an R? value of 0.99 [5.15].

Among the different advantages of CNN, the major one is the elimination of feature
extraction steps that were explained in previous chapters. With the help of several filters
loaded in CNN layers, it can extract abstract features from the images by itself. Such features
make the model sensitive to tiny changes and that in turn provides its power to classify
between different classes that are difficult to detect by human eyes and some of the
conventional classifiers too. Often CNN is attributed with the disadvantage of a huge training
dataset, but recent research has shown that a small strategically developed dataset along with
an optimized model can even give significant results. The chapter also includes a binary
genetic algorithm (BGA) [5.16] hyperparameter optimization scheme for improved

performance and consistency of the CNN model.
5.2. Materials and methods
5.2.1. Experimental in-house database preparation

5 variants of pure turmeric powders were taken for experimentation. Among those 5 variants,
4 were branded organic turmeric powders that claim 100% purity and were procured from the
local supermarket and 1 pure variant was prepared in-house following the process involving
boiling the raw turmeric roots followed by oven drying and grinding. Starch manufactured by
Sigma Altrich was procured from lab supplier. Mixed samples were stored in air-tight
containers in dry condition where room temperature and humidity were varying within 20 -

30°C and 75 — 80%, respectively.

The experiment was performed by adulterating the turmeric powder samples with starch in a
controlled manner. The starch was added with the turmeric powder in four different

percentages by volume, i.e. 10%, 20%, 30%, and 40% and those were labeled as %t%s i.e. if
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the sample is made of 80% turmeric and 20% starch it was labeled as 80t20s. For this work
cameras of 5 different mobile phones having resolutions ranging from 48Mpixel to 64MPixel
were used. The reason was to get a closer approximation of the real-life consumer behavior.

No camera filters or external light sources (like flashlight) were used during imaging.

Once captured the images were cropped into 300 x 300 pixel dimension. The cropping was
conducted automatically by taking random centers in the entire image. For each of the
turmeric samples 1000 such images were considered. Since there were total five classes (pure
and four levels of adulteration) the total images in the experimental dataset resulted into

5000. Some of the cropped image samples are shown in Fig. 5.1.

Pure

60t40s 70t30s
80t20s 90t10s

Fig. 5.1: Samples of images from the image dataset
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5.2.2. Development of CNN model

CNN models comprise three fundamental layers; convolution (conv_2d), pooling, and fully
connected (FC) layers [5.17]. The combination of conv_2d and pooling performs the feature
extraction task from the images while the fully FC layer is similar to conventional artificial
neural network (ANN) architecture made of input, hidden and output layers. The filters
specified in the convolution layers transform the image as per the mathematical dynamics of
the filters while the pooling layer commonly extracts either mean or max values from the
filtered images. Numbers of conv_2d and pooling layer combinations can be used in

sequence depending on the nature of input images.

In this work initially 2 conv_2d and max_pooling layer combinations were taken. It can be
noted here that a shallow architecture of CNN has been adopted where the dimension of each
conv_2d layer will be half of its previous conv_2d layer. As the inclusion of more layers can
make the model heavier so inclusion of the normalization method namely, batch-
normalization were also added to observe the performance. The adam optimizer [5.18] was
used as it can automatically modulate the learning rate. The activation function was ReLU for

all the layers other than output, which is expressed as Eq. (5.1).

f (x)=max (0, x) (5.1)
Softmax activation function, as expressed as Eg. (2) [5.19], was used for output layer

where K is the number of classes, Zis the input vector and «is the softmax function. e=:

and e®i are the standard exponential function for input and output vector, respectively.

= (5.2)
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The loss function for optimizing the model was categorical cross-entropy and the initial

model parameter setting is consolidated in Table 5.1.

Table 5.1: Initial model parameter settings

Layer type Output dimension Number of parameters
Conv_2d 148, 148, 32 896

Max_pooling 74,74, 32 0

Conv_2d 72,72, 32 9248

Max_pooling 36, 36, 32 0

Flatten 41472 0

Hidden 128 5308544

Output 5 516

5.2.3. Hyperparameter optimization of the CNN model

Hyperparameter settings optimization is a frequently practices step to enhance CNN
performance in terms of accuracy and consistency. Different approaches for this are reported.
In this work, a simple binary genetic algorithm (BGA) based approach was adopted. The
choice of BGA was its simplicity, and proven efficiency and as the model architecture does
not include many layers hence a simple mathematical optimization can be computationally
less expensive to realize. Like other heuristics, BGA also starts with random solutions and
reaches to the final optimized solutions through evaluation and generation of solutions
against the fitness function. Crossover and mutation are two nature-inspired operations in
BGA that results in the generation of superior offspring compared to the parents. Based on
the literature reviews on GA applications the crossover probability was initially set at 0.5 and
with iterations reduced to 0.1, the mutation probability was set at 0.05 and started with 20
initial randomly generated binary solutions. A single-point cross-over operation was adopted

where the cross-over point was randomly generated in [1, 2,..., 9]. The fitness
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function[5.20]used in this work is presented in Eq. (5.3) The ranges of different model
parameters as mentioned in Table 5.2 were taken for initiation of the BGA algorithm. Each
solution was represented as a binary string of length of 9 bit where the bits were decoded as

shown in Fig. 5.2.

(5.3)

Where y and y are the expected and actual classification accuracy of the model over N

number of training samples. The algorithm was iterated till the stopping criterion was
met which either was exhausting the defined number of iterations or achieving the

desired value of O that is 0 in our case.

Table 5.2: Binary code representations of optimization parameters

Parameter Possible values Binary code Code length
representation

No. of conv_2d layers 2,3,4,6 00,01, 10, 11 2

No. of kernels in first 16, 32, 64, 128 00, 01, 10, 11 2

conv_2d layer

Filter dimension 3,579 00,01,10, 11 2

(square matrix) for
conv_2d layers

Stride 1,2 0,1
No. of hidden layersin 1,2, 3,4 00,01,10, 11
FC layer
Total length 9
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Randomly generated solution L1 0 _1 1L 0 0 1 1

Decoded values 4 32 7 1 4

Crossover point

Initial solultion1- 1 0 1 1 0 1 0 0 1 Offsprint1- 1 0 1 1 1 0 0 1 1
—
Initial solultion2- 1 1 0 1 1 0 0 1 1 Offssping2-1 1 0 1 0 1 0 0 1

l

Offsprint1- 1 0 1 1 1 0 0 1 1 Offsprint1-1 0 1 0 1 O 0 1 1

\ Bit Mutation

l

Fitness evaluation

Optimized solution (solution with highest fitness)

|

Solution decoding

Fig. 5.2: BGA process representation

The convergence plot for the CNN parameter optimization is shown in Fig. 5.3 which shows
that at the end of 50 iterations the accuracy of 99% is obtained by the model with the
optimized parameter settings as provided in Table 5.3. The Convolutional Neural Network
(CNN) model implementation was achieved on the Python platform within the Spyder IDE,
utilizing standard libraries such as Keras [5.21] and Scikit-learn [5.22] in Windows

environment.
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Fig. 5.3: Convergence plot of BGA optimization
Table 5.3: Optimized hyperparameter settings
Layer (type) Shape Parameters
conv2d (Conv2D) (300, 300, 32) 896
max_pooling2d (MaxPooling2D  (150,150,32) 0
conv2d_1 (Conv2D) (150,150,64) 18496
max_pooling2d_1 (75,75,64) 0
(MaxPooling2D)
conv2d_2(Conv2D) (75,75,64) 36928
max_pooling2d_2 (35,35,64) 0
(MaxPooling2D)
conv2d_3 (Conv2D) (33,33,128) 73856
max_pooling2d_3 (16,16,128) 0
(MaxPooling2D)
flatten (Flatten) 32768 0
dense (Dense) 256 8388864
dense_1 (Dense) 5 1285
Total Parameters 8520325
Trainable Parameters 8520325
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5.3. Results and discussions

Like the previous chapters in this case also the database was divided into training, validation
and testing set in 60:20:20 ratios. Before finalizing the model its generalization potential was
verified against accuracy and loss values for the training and validation sets. It can be noted
here that a model with poor generalization potential can cause poor performance on unknown
test cases while performing brilliantly with training cases. The validation plots are shown in
Fig. 5.4. It shows that the model has considerable potential since the training and validation
plots are not resulting any visible difference at the ends. Plots also show that the model has
balanced performance capability avoiding the chances of over- and under-fitting. It can also
be notes that in both cases the loss is considerably low in the order of 102 while the accuracy
is in the tune of 98%.At the end of epochs the blue line of validation accuracy is almost
meeting with the red line for training accuracy having small gap. This reflects that the model

performance is towards better conformance to the desired low bias and high variance nature.

12 — Training loss 0.975
1.0 — Validation loss 0.950
0925
3 S 0.900
(]
06 << 0.875
04 0.850
02 0.825 — Training accuracy
0.800 — Validation accuracy
0 5 10 15 20 25 30 0 5 10 I 30 55 20
Epoch Epoch

Fig. 5.4: CNN model validation plots for (a) accuracy and (b) loss between training and validation set.

The model consistency was tested against 10-fold cross validation method. The accuracy and
loss values for different folds are presented in Table 5.4. It can be seen that across all the

folds the accuracy is more than 90% except one. The maximum accuracy has gone to the
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extent of more than 99% which is almost 100%. Regarding loss there are two folds where the

loss is comparatively high. For other folds it is in the range of 4 — 18%.

Table 5.4: Result of 10-fold cross validation

Fold Number Validation Loss (%0) Validation Accuracy (%)
1 4.00152 99.2188
2 22.8981 88.8021
3 12.5592 95.8333
4 6.51735 98.4375
5 18.3899 91.4062
6 15.161 94.0104
7 6.43669 97.1354
8 10.5456 97.9167
9 11.3576 95.8333
10 31.8529 94.5312

The confusion matrix for the model performance with testing data has been shown in Fig. 5.5
and the associated metric values have been consolidated in Table 5.5. This figure shows that
for all the classes the proposed model provide 100% accuracy except for 80t20s and 90t10s,
nevertheless in these case too none of the adulterated samples have been identified as pure. |
these two cases also the accuracy is in the tune of 95% and on an average about 7% wrong

classification have occurred.
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Actual class

60t40s

70t30s

80t20s

90t10s

Pure

Predicted class

60t40s 70t30s 80t20s 90t10s Pure

1 0 0 0 0
0 1 0 0 0
0O [001| 098 001 O
0 0 006 094 0
0 0 0 0 1

Fig. 5.5: The confusion matrix of CNN classification

Table 5.5: Comparative evaluation of classification performance

VGG16

Precision  0.8816
Recall 1.0000
Accuracy  0.2152
F-Score 0.9371

MobileNetVV2 Resnet50

0.8871
1.0000
0.5785
0.9402

1.0000
1.0000
0.9356
1.0000

EfficientNetB0

0.8816
1.0000
0.2152
0.9371

Proposed
model
1.0000
1.0000
0.9771
1.0000

In Table 5.5 some other pre-trained models have been included for performance comparison
purposes. The weights of these models have already been trained but some fine-tuning occurs
while these are trained with application-specific datasets. The associated metric values i.e.
precision, recall, accuracy, F-score [5.23], and are depicted in Table 5.6 All these models
VGG16[5.25], MobileNetVV2[5.26], Resnet50[5.27], EfficientNetB0[5.28] are considerably
heavier in terms of the number of layers, depth, and connection weights. The objective of this
comparison was to understand the competitive potential of our CNN model having a lesser
number of layers and tunable parameters against the pre-trained models. Table 5.6 shows that
the proposed method can achieve more than 97% accuracy for the unknown test data. The

recall value of 1 reflects the potential of high accuracy in identifying the true positive
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samples that means a pure or adulterated sample will be classified as that with high

perfection.

The plots for AUC-ROC [5.29] presented in Fig. 5.6 show that the presented model is
potential across all the classes of adulterations considered in this study. Although for few
classes the AUC is not 1 but it is in the tune of 0.99 which indicates about 99% correct
classification in those classes. It is also important to note that the model performs about 100%
prediction accuracy for pure and highest degree of adulteration (60t40s) in this work which in
turns confirms that the possibility of classifying unadulterated sample as adulterated and

highly adulterate samples as unadulterated or pure is very small.

1.0 7——==
0.8 1
a
2 061
&)
Z
Dugj ”‘/”‘-
) 04 T ’/"f”
E /'-_’_,,
P — 60t40s (AUC - 1.00)
0.2 T — 70t30s (AUC - 0.99)
e — 80t20s (AUC - 0.99)
T 90t10s (AUC - 0.99)
0.0 Le=""" — Pure (AUC - 1.00)
0.0 0.2 0.4 0.6 0.8 1.0

False Possitive Rate

Fig 5.6: ROC-AUC plot for classification results in different classes

Finally the speed of the CNN based implementations have always been a major concern since
the training and validation process is computationally expensive. The speed depends on the

hardware capability as well however all the models under comparison were implemented in
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same hardware set-up as explained in chapter 2 which has been used throughout the works
presented in this thesis. Table 5.7 shows the comparison in terms of time.

Table 5.6: Comparison on processing time

VGG16 MobileNetV2 Resnet50 EfficientNetBO Proposed

CNN
Model 5056.77  1607.12 3575.71 2351.12 1380.05
training
time  (in
seconds)

Table 5.6 shows that our model is advantageous over the other pre-trained model as it results
in faster training. The main reason behind this is fewer layers and fewer tunable parameters

that too been optimized using BGA.

5.4. Conclusion

A CNN-based implementation of adulteration detection in starch has been presented in this
chapter. Volume-based adulteration has been considered in this work and starch has been
opted as adulterator. The samples were prepared with 4 degrees of adulteration and one
portion was left unadulterated. The results confirm more than 97% accuracy with high valued
recall and precision values. A BGA optimization framework has also been presented in this
chapter for the optimization of the CNN hyperparameter. The optimization resulted in a
lighter, consistent and efficient model which was faster as well compared to the pre-trained
CNN models. Overall the work shown promising potential of the CNN based model in

detection of starch adulteration in turmeric.
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CHAPTER 6

Concluding remarks

6.1. Introduction

This chapter summarizes the major findings and observations noted during this thesis work.
A brief comparison between the techniques reported in this thesis has as well been presented
for ready reference. The research questions which were clearly framed at the beginning of the
thesis have been addressed. Finally, the chapter includes the limitations of the presented

methods and thereafter the possible future research directions of the presented works.
6.2. Major findings
The major findings of the thesis can be mentioned as follows;

e There was no chemical reactions involved during the adulteration detection process
hence the methods were non-invasive.

e No skilled man-power was required for sample preparation unlike the conventional
spectroscopic methods.

e The in-house imaging systems with controlled illumination could be helpful for
consistency in illumination which in-turn can result good accuracy with a

comparatively smaller database.
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All the implementations were inexpensive as those required only basic computation
and imaging facilities. Even mobile phone cameras could give promising results.
Overall accuracies across the different techniques are in the range of 97 — 99% which
is motivating and competitive to the existing expensive instrumental and analytic
methods.

Although slightly reduced accuracies have been occurred in some cases but for pure
and adulterated samples this has been always in the tune of 99% or more which
confirms that the chances of detecting an adulterated samples as pure and vice-versa
is notably less.

As shown in Table 6.1 the performance of the CNN model is visibly better than the
performance of conventional classifiers. CNN also eliminates the feature extraction

step which in-turn makes the system faster.

Table 6.1: Performance comparison between the proposed methods in this thesis

Adulteration Detection Classes Feature Accuracy
method
Metanil yellow RF and DNN Pure and 3 Projection 98%
degrees of features on
adulteration Fourier spectra of
color channels
Sudan dye | PCA and Pure and 3 Color channel 98.75%
ensemble RFs  degrees of features
adulteration
Cornstarch BGA optimized Pure and 4 Automated 98%
CNN degrees of feature extraction
adulteration by convolution
layers of CNN

Optimization of the hyper parameters for CNN can also enhance the performance of
the CNN models where a comparatively lighter CNN model could perform

potentially.
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e The potential of Random Forest was also remarkable considering its ease of
implementation and computational inexpensiveness.
e The ensemble implementation of multiple RF models can also be used for faster
decision making.
e Color channel based analysis and feature extraction plays significant role for
conventional classifiers.

e For all the cases the decision making was visibly fast.

6.3. Responses to the research questions

The observations recorded during the thesis works reveal following responses to the RQs

framed in the beginning of the thesis.

e Computer vision can be a potential alternative to the existing methods of screening for
turmeric powder. In all the cases the results show considerable generalization
potential and accuracy in the range of 97 — 100%. It can be also helpful in faster and
less expensive detection of turmeric adulteration. This addresses the RQ1.

e Deep learning-based classification with color features extracted from images has
shown promising potential over conventional machine learning algorithms. However,
the random forest has also performed competitively, particularly in the case of value
prediction. This addresses the RQ 2.

e CNN, particularly optimized CNN has also shown remarkable performance with the
advantage of automatic feature extraction. An application oriented CNN can work
competitively to the pre-trained models which are heavier and computationally

expensive. This addresses RQ 3.
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Computer vision models due to its connectivity to internet and possibility of
development in terms of apps and handheld devices opens up the huge possibility to
integrate the reported techniques in 0T based implementation with much ease
compared to existing instrumental methods. This can be also extended to cloud
computing based implementation which further vouches the advantage of loT

integration for the proposed methods. This addresses RQ 4.

6.4. Future scope of work

Although the reported method shown promising potential there were some limitations as

well. Based on such limitations the following avenues may be listed towards extension of the

presented works.

Considering the varieties n types of adulteration in turmeric additional types of
adulterants which are commonly used to be studied. However, the presented methods
can be extended to those once the image datasets for those adulterants have been
prepared.

Currently the imaging chamber is having a single illuminant type while in real-life the
illumination can be of different types. Hence, more variations n illumination and well
as distortions due to illumination and other imaging conditions can be covered in the
dataset preparation.

As RF has shown significant potential and simplicity this can be further explored with
several extracted features and model optimization paradigms so that a faster training
and validation can be achieved along with equivalent performance like DNN or CNN
can be achieved. Different illumination invariant features may also be explored in this

context.
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o Different learning mechanisms of CNN like transfer learning, reinforcement learning,
etc. can be explored with the application specific CNN development to achieve more
robustness in decision making.

e More varieties in terms of degree of adulteration can be explored. Currently all our
proposed methods have 4-5 variants in this regard which can be extended to more.

e Hardware and handheld device based deployment remains a very promising area to
work for real-life implementation of the presented methods. This can also be useful
for on-spot adulteration detection in the supply chain as well as in the market by the

consumers themselves.
6.5. Conclusion

The thesis has presented different proposals for computer vision based adulteration detection
n turmeric powders. The results were promising and motivating. The RQs framed at the
beginning of the thesis also have been responded logically based on the major findings.
Considering the different possible future research direction to address the limitations
observed during this thesis work can be considered as a fruitful initial yet significant step
towards development of non-invasive, inexpensive and easily 10T deployable computer

vision based adulteration detection system for powdered turmeric.
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