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ABSTRACT 

Cereal grains are an important part of human diet; hence, there is a need to 

maintain high quality and these grains must be free of physical and biological 

contaminants.  Physical contaminants (foreign materials, dockage, and animal excreta) 

(hereinafter referred to as contaminants) are the major impurities in cereal grains. The 

presence of contaminants in wheat reduces its quality and thereby its grade. The 

identification of these contaminants in wheat is difficult when they are physically and 

sometimes visually similar. Moreover, manual contaminant identification methods are 

labour intensive and time-consuming. Near-infrared (NIR) hyperspectral imaging is an 

advanced image processing technique used effectively for quality evaluation of various 

food and agriculture products. This technique can be an effective alternative to the 

traditionally used manual contaminant identification methods.  

A procedure was developed to differentiate these contaminants from wheat 

using NIR hyperspectral imaging. Three experiments were conducted to identify the best 

combinations of spectral pre-processing technique and statistical classifier to classify 

contaminants represented by seven foreign material types (barley, canola, maize, 

flaxseed, oats, rye, and soybean); six dockage types (broken wheat kernels, buckwheat, 

chaff, wheat spikelets, stones, and wild oats); and two animal excreta types (deer and 

rabbit droppings) from Canada Western Red Spring (CWRS) wheat. The raw NIR 

reflectance spectra of these contaminants and wheat were collected in the NIR range 

(1000-1600 nm). These spectra were processed using five spectral pre-processing 

techniques (first derivative, second derivative, Savitzky-Golay (SG) smoothing and 
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differentiation, multiplicative scatter correction (MSC), and standard normal variate 

(SNV)) to reduce noises and improve the generalized capability of statistical classifiers. 

The raw and pre-processed data were classified using Support Vector Machines (SVM), 

Naïve Bayes (NB), and k-nearest neighbors (k-NN) classifiers. In each study, two-way 

classifications were conducted to understand the classification of each contaminant type 

from wheat and multi-way classifications were conducted to understand the classification 

of all contaminant types from wheat.  

From the classification of foreign material types and  wheat experiment results 

it was found that the canola was most accurately classified from wheat than any other 

foreign grain types using raw NIR reflectance spectra. From the multi-way classification 

results it was evident that the raw NIR reflectance spectra gave the highest classification 

accuracy (90.1±0.6%) when classified using the k-NN classifier. When the foreign 

material types and wheat spectra were processed using different spectral pre-processing 

techniques and classified using different statistical classifiers, the SNV technique with k-

NN classifier gave the highest accuracy (98.3±0.2%). 

From the classification of dockage types and wheat experiment results it was 

found that using raw NIR reflectance spectra, perfect classification (100.0±0.0%) from 

wheat kernels was observed for stones using the SVM, NB, and k-NN classifiers; chaff 

using the k-NN classifier, and wheat spikelets using the SVM classifier. From the multi-

way classification results it was evident that the raw NIR reflectance spectra of all the 

dockage types and wheat gave the highest classification accuracy (91.7±0.5%) when 

classified using k-NN classifier. When the dockage types and wheat spectra were 

processed using different spectral pre-processing techniques and classified using different 
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statistical classifiers, the SNV technique with the k-NN classifier gave the highest 

accuracy (98.9±0.2%). 

From the classification of animal excreta types and wheat experiment results it 

was found that using raw NIR reflectance spectra, perfect classification (100.0±0.0%) 

from wheat kernels was observed for deer dropping using the SVM, NB, and k-NN 

classifiers and rabbit droppings using the SVM and NB classifiers. From the multi-way 

classification results it was evident that the raw NIR reflectance spectra of both the 

animal excreta types resulted in almost perfect classification (>99.6%) using all the three 

classifications techniques. When the animal excreta types and wheat spectra were 

processed using different spectral pre-processing techniques and classified using different 

statistical classifiers, the MSC and SNV techniques with SVM or k-NN classifier gave 

perfect classification (100.0±0.0%). From the first three objective experiments it was 

evident that different contaminant types and wheat were classified with the highest 

classification accuracy using the SNV technique and k-NN classifier. 

The performance evaluation of the developed model (SNV spectral pre-

processing technique and k-NN classifier) to differentiate various contaminants from 

wheat was evaluated. Two separate experiments were conducted to identify and quantify 

(by number) the amount of contaminant type present along with wheat. The performance 

of the classification model in both the identification and quantification experiment was 

compared with the model validation results to understand the model ability to work for 

new samples. 
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From the identification experiment, the overall classification accuracy to 

identify foreign material types from wheat at the first degree of contamination (one 

foreign material type with wheat) was 97.6±1.6% and at the seventh degree of 

contamination (all the foreign material type with wheat) was 92.5±6.5%. The overall 

classification accuracy to identify the dockage types from wheat at first degree of 

contamination (one dockage type with wheat) was 98.0±1.8% and at the sixth degree of 

contamination (all the dockage types with wheat) was 94.3±6.2%. The overall 

classification accuracy to identify the animal excreta types from wheat both first (one 

animal excreta type with wheat) and second degree of contamination (two animal excreta 

types with wheat) was 100.0±0.0%. The identification experiment results were 

statistically similar to model validation results at all the levels of contamination for the 

three contaminant types.  

From the quantification (by number) experiment results, among all the foreign 

material types, the canola was perfectly quantified (100.0±0.0%) from wheat at all the 

percentages of contamination. Among all the dockage types, stones were perfectly 

quantified (100.0±0.0%) from wheat at all the percentages of contamination. Both the 

animal excreta types, deer and rabbit droppings were perfectly quantified (100.0±0.0%) 

from wheat at all the percentages of contamination. The quantification experiment results 

were statistically similar to the model validation results for canola, flax, oats, and 

soybeans and statistically different for barley, maize, and rye. The quantification 

experiment results were statistically similar to the model validation results for stones, 

broken kernels, buck wheat, chaff, and wildoats and statistically different for wheat 
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spikelets. Both deer and rabbit droppings quantification experiment results were 

statistically similar to the model validation results. 

In the present study, a model was developed using NIR hyperspectral imaging 

system for identification and quantification of various contaminant types present along 

with wheat (in non-touching manner). The use of spectral pre-processing technique for 

removing the variations in the sample spectra was effective in differentiating these 

contaminant types from wheat. As the reliability of the model was tested against new 

samples, the developed model can be used for the detecting these contaminant types from 

wheat.  
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1. INTRODUCTION 

A major portion of the World food supply is obtained directly or indirectly from 

plants with significant contribution of cereals and pulses. Cereals are considered the 

staple food of the world, supplying 30% of calories in developed countries (Anonymous, 

2003), 60% in developing countries, and more than 80% in poor countries (Awika, 2011). 

Among the cereals, wheat is the most widely cultivated crop in the World with a 

production of 715.5 Mt (million tonnes) in 2013/14. Out of total wheat produced, one-

fifth (about 156.7 Mt in 2013/14) is exported and the remainder is consumed 

domestically (FAO, 2015). Canada is one of the World‘s leading producers and exporters 

of high quality wheat. High quality means not only to supply the grains without damage 

(healthy grain) by insects or fungi, but also without undesirable contaminants. The 

undesirable contaminants include foreign materials, dockage, and animal excreta. The 

presence of these contaminants lowers the wheat quality and value. Dockage is any 

material mixed in wheat which can be removed using specified cleaning units and foreign 

material is anything that is not wheat and that remained in the wheat after the removal of 

dockage using proper cleaning procedures (CGC, 2013). Major dockage in wheat 

includes broken kernels, bunt balls, stones, and wild oats. Foreign materials in wheat 

include damaged wheat kernels, ergot, animal excreta, other cereals (such as barley, 

maize, rye, oats, and triticale), oat groats, and wild oat groats. Animal excreta are one 

such type of filth that comes from the field and ends up in grain bulks causing unsanitary 

conditions. The presence of visible excreta in grain reduces the quality, and marketability 

of grain. Generally, improper cleaning of storage sites and transportation vehicles, 

improper weed control during production, and the inability of the cleaning equipment to 
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remove similar-sized grains are the main reasons for mixing of wheat with other grain 

types. Dockage present in a grain bulk is often lighter than the grain and has higher 

moisture. Lighter particles accumulate along the wall of a storage structure in bulk grain 

making it more susceptible to spoilage due to mold growth and hotspot development. 

Thus, identification and removal of dockage from a grain bulk is crucial for long term 

safe storage.  

Canada produced around 37.5 Mt of wheat during 2012-2013, much of which 

(19.4 Mt) was exported (Statistics Canada, 2014). Export grade wheat is to be clean and 

free of dockage. Manual methods are traditionally used to identify the presence of 

contaminants in wheat. These techniques are labour intensive and time-consuming. 

Moreover, identification of contaminants in wheat is difficult as they are physically and 

sometimes visually similar. High production and the demand for the high quality wheat 

stimulate research teams around the globe to develop techniques that can provide rapid 

and accurate contaminant identification techniques. To make quick and accurate 

decisions about the grain quality and grade robust automated technologies are needed. 

With advancement in technology, use of image processing for grain quality inspection 

has high potential. In recent years, extensive research has been done to use image 

processing techniques for grain quality inspection (Vadivambal and Jayas, 2015; 

Ramalingam et al., 2011; Zhang H. et al., 2007; Zhang G. et al., 2005; Paliwal et al., 

2005; Brosnan and Sun, 2004; Du and Sun, 2004; Visen et al., 2003; Chen et al., 2002; 

Mujumdar and Jayas, 2000 a, b, c, and d).  Various image processing techniques have 

been studied in cereal grains research, among which machine vision technique working in 

the visible spectral range was used for determining various cereal grain types (Guevara-
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Hernandez and Gomez-Gil, 2011),  detecting weeds (Granitto et al., 2002; Churchill et 

al., 1993). Majumdar and Jayas (2000 a, b, c, and d) classified Canada Western Red 

Spring (CWRS) wheat, Canada Western Amber Durum (CWAD), barley, oats, and rye 

using morphological, textural, and colour features extracted from colour images. When 

compared to using features individually, selecting most prominent sets in each feature set 

and using them in combination gave better classification accuracy. Nair and Jayas (1998) 

had developed algorithms to classify different dockage types from wheat, barley, rye, and 

oats using machine vision. Classification models developed using combined morphology 

and colour features, morphological features, and colour features gave classification 

accuracies of 93.2%, 89.4%, and 71.4%, respectively, when evaluated for classification 

of dockage components. Paliwal et al. (2003) applied artificial neural network classifier 

to identify various cereal grains and dockage types using 230 features (colour, 

morphological, and textural) obtained from digital colour images. Dockage materials with 

well-defined features (wheat grains, buckwheat and canola) had better classification than 

materials with irregular features (chaff and wheat spikelets). Although colour imaging 

made the laborious manual grain quality inspection automated and simple, it failed to 

accurately classify contaminants like foreign materials, dockage, and animal excreta. 

Moreover there is a need to further improve classification accuracy because specified 

tolerances of contaminants like foreign material and dockage in wheat are very low (e.g., 

less than  0.4% foreign grains in No. 1 grade CWRS wheat). 

Hyperspectral imaging is a recent development which has proven to be effective 

in grain quality inspection. Hyperspectral imaging involves acquiring images at more 

than 20 wavelengths along the electromagnetic spectrum (NATO, 2007). Spectral 
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signature of the material acquired using hyperspectral imaging is unique for that 

particular material as it is based on the physical and chemical properties of the material.  

In the area of cereal grain quality, hyperspectral imaging was successfully used to 

identify fungus damaged kernels (Bauriegel et al., 2011; Choudhary et al., 2009; Singh et 

al., 2007), insect damaged kernels (Kaliramesh et al., 2013; Singh et al., 2009) and 

defective wheat (Singh et al., 2010; Delwiche and Hareland, 2004). Mahesh et al. (2011, 

2008) used hyperspectral imaging to identify different wheat classes. Pierna et al. (2012) 

successfully demonstrated the application of hyperspectral imaging in the near-infrared 

(NIR) range (1100-2400 nm) to detect the contaminants from different origins (animals, 

other cereal grains, botanical impurities, other contaminants and cellulose waste) in 

cereal grains. Vermeulen et al. (2011) accurately quantified ergot bodies (sclerotium of 

Claviceps purpurea) in various cereal samples up to 0.02% concentration using NIR 

(970-2500 nm) hyperspectral imaging. 

Identification and quantification of dockage, foreign grains, and animal excreta in 

harvested cereals is a very important step in grain quality inspection. Colour imaging 

system was ineffective to accurately identify the dockage and foreign grains from cereals 

(Nair and Jayas, 1998; Majumdar and Jayas, 2000 a, b, c, and d; Paliwal et al., 2003), but 

NIR hyperspectral imaging was very effective in quality inspection when used in 

combination with spectra pre-processing and statistical techniques (Cogdill et al., 2004; 

McGoverin et al., 2011; Mahesh et al., 2008). Although hyperspectral imaging is very 

accurate in identifying minor components, it leaves challenges to deal with large amounts 

of data, overlapping of information between image slices and variations in imaging setup. 

Analytical tools in mathematics and statistics combined with image processing are used 
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to reduce the dimensionality and variation of hyperspectral data, select the significant 

wavelengths, and develop calibration and classification models. Spectral pre-processing 

techniques are used before data analysis to reduce the variations and noises that arise 

during hyperspectral image acquisition and also to make the model development simple. 
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1.1 Objectives 

The present study was conducted to differentiate different contaminants from 

wheat using NIR hyperspectral imaging. 

The objectives of this study were: 

1) to develop spectral signatures for each foreign material, dockage, animal excreta 

type, and wheat;  

2) to use spectral pre-processing techniques to reduce the variations in the acquired 

spectral signature;  

3) to determine best spectral pre-processing technique and statistical classifier 

combination to accurately classify contaminants from wheat; 

4) to identify the presence of contaminant types along with wheat using the best 

spectral pre-processing technique and statistical classifier; and  

5) to quantify (by number) the amount of each contaminant type present along with 

wheat using the best spectral pre-processing technique and statistical classifier. 
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2. REVIEW OF LITERATURE 

This section provides details about various hyperspectral data collection 

techniques, hyperspectral data pre-processing before extraction of the information, types 

of information extracted from hyperspectral data, and chemometric tools for the 

extraction of information from hyperspectral data. It also covers hyperspectral imaging 

advantages, disadvantages and its applications.  

Humans have used cereals as a staple food for several millennia.  Eight major 

cereal grains: rice, wheat, corn, barley, sorghum, oats, rye and other minor millets 

provide 56% of their dietary food energy and 50% of their dietary protein (Stoskopf, 

1985). World cereal grain production reached 2524.4 Mt in 2013/14, out of which 359.3 

Mt is being traded in the international market (FAO, 2015).  Major quality parameters of 

cereals are protein content, enzyme activity, moisture content, hardness, germination, and 

cleanliness (Fleurat-Lessard, 1998). These parameters are categorized into intrinsic 

factors (protein content, oil content, milling yield, starch content, and viability), physical 

factors (moisture content, kernel density, kernel hardness, kernel size, kernel damage, 

vitreousness, and bulk density), and sanitary factors (mycotoxins, fungal infection, insect 

and/or mite infestations, dust, odour, dockage, and foreign materials). Grain industries 

and quality regulatory organizations have set strong cereal grain standards to ensure 

consistency in delivery of clean and high quality grain to consumers. Human visual 

inspection methods of quality analysis are very popular and most widely used. These 

methods are time-consuming, hard, monotonous, and inconsistent (Wu and Sun, 2013). 

Researchers and scientists have made serious attempts to determine these quality factors 

as quickly, early, and accurately as possible. Although instrumentation techniques like 
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gas chromatography (GC) and high performance liquid chromatography (HPLC) are 

accurate and reliable for determining certain intrinsic and sanitary factors like chemical 

composition and odours, they are time consuming and destructive. Therefore, 

development of non-destructive and more effective techniques for determining wide 

range of intrinsic, physical, and sanitary factors is of prime importance. Recently, sensing 

techniques were developed for this purpose which are simple, non-destructive, rapid, 

qualitative, and quantitative (Hashimoto and Kameoka, 2008). Image processing has 

proven to be one such technique for various food products. In recent years, image 

processing has proven to be a very efficient technique to evaluate the physical quality 

parameters of cereal grains. Image processing techniques are non-destructive, highly 

sensitive and accurate. A conventional image processing system, also called Machine 

Vision System (MVS) acquires spatial information in one single wavelength 

(monochromatic images) or in red-blue-green wavelengths (colour images). Hence the 

machine vision techniques use morphological (shape and size), colour and textural 

features to evaluate the quality parameters of grain. Many more studies on cereal quality 

evaluation using conventional imaging have been reported. The results of these studies 

showed that conventional imaging is a potential technology for classification of grains 

from different growing areas (Zhang G. et al., 2005; Visen et al., 2003) and cultivars 

(Symons and Fultcher, 1988; Neuman et al., 1987; Zayas et al., 1986, 1985) based on 

their physical properties.  

Although colour imaging can perform the quantification of certain quality 

parameters, it is ineffective for the identification of minor constituents or contaminants. 

Multispectral imaging systems have been developed using 4 narrow wavebands, to detect 
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features of interest (Gowen et al., 2007). Multispectral imaging is the basis for the 

evolution of hyperspectral imaging system, which is capable of acquiring images over a 

range of wavelengths along the electromagnetic spectrum and correlating the spectral 

variation with the chemical constituent of interest. 

Hyperspectral imaging is an advanced technique for the quality evaluation in the 

food and agricultural industry, which is built with the combination of regular imaging, 

radiometry, and spectroscopic principles. Radiometry is the measure of the amount of 

electromagnetic energy emitted per unit time (generally expressed in Watt) at a specific 

wavelength range. A typical radiometer is designed with only one sensor with a filter 

installed to select the intended wavelength range. Spectrometry is a measure of light‘s 

intensity (generally expressed in W/m
2
) at a specific wavelength range. Unlike a 

radiometer, spectrometers use diffraction grating or prisms or multiple sensors to divide 

the wavelength range into different wavelength bands. Goetz et al. (1985) used the word 

‗hyperspectral imaging‘ for the first time when they were discussing their data on remote 

sensing of the Earth using spectroscopic imaging techniques. The term ―hyper‖, meaning 

too much, has a negative implication in the medical sense, like hypertension, but in image 

processing ‗hyperspectral‘ imaging means acquiring images at ‗many bands‘ along the 

electromagnetic spectrum. Chemicals, when available in pure form, and to be identified 

uniquely do not require hundreds of spectral bands spread over several octaves of the 

electromagnetic spectrum (Goetz, 2009). But biological materials exist as a complex 

system of chemical compounds with interactions and bonds between them. Application of 

image processing in combination with spectroscopic technique, makes it possible for 

automatic target detection and measurement of the analytical composition of that 
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material, hence hyperspectral imaging can be effectively applied for quantitative and 

qualitative analyses, as it can identify the presence of the constituents  as well as their 

spatial distribution. Hyperspectral imaging is an appropriate technique for many 

operations as it can generate both a spatial map and spectral variation (ElMasry and Sun, 

2010). Data acquired from a hyperspectral imaging system are three dimensional 

structures made up of one spectral and two spatial dimensions, commonly known as the 

‗hypercubes‘ or the ‗datacubes‘ (Fig. 2.1) (Mehl et al., 2004; Chen et al., 2002; Kim M.S. 

et al., 2002; Schweizer and Moura, 2001).  

 

Fig. 2.1. Schematic diagram of hyperspectral imaging ‘hypercube’ 

Goetz et al. (1985) originally developed the hyperspectral imaging for remote 

sensing, later its applications were expanded to various fields like agriculture (Changwen 

et al., 2013; Suzuki et al., 2012; Gracia and León, 2011; Pérez-Marín et al. 2011), food 

science (ElMasry et al., 2007; Gowen et al., 2007; Nicolai et al., 2006; Cheng et al., 
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2004; Lu, 2003), material science (Tatzer et al., 2005; Neville et al., 2003), biomedicine 

(Kiyotoki et al., 2013; Akbari et al., 2012; Liu Z. et al., 2012; Kellicut et al., 2004; Zheng 

et al., 2004), astronomy (Nguyen et al., 2013; Soulez et al., 2011; Zhang Q. et al., 2008), 

and pharmacy (Vajna et al., 2011; Amigo, 2010; Lopes et al., 2010; Amigo and Ravn, 

2009). Hyperspectral data collection is the most important step to understand the 

properties of the sample. Significant scientific literature has been published in recent 

years regarding the data acquisition using hyperspectral imaging systems. 

2.1 Hyperspectral Data Collection 

Understanding the behaviour of a food sample at the molecular level on its 

exposure to the light photons is the basis for the hyperspectral imaging (ElMasry and 

Sun, 2010). Hyperspectral imaging deals with the sample at the molecular level; therefore 

it can distinguish even slight changes in the sample composition. Biological materials 

continuously absorb or emit energy (radiation) by lowering or raising its molecules from 

one energy level to another. The strength and wavelength of this radiation depends on the 

nature of the material (ElMasry and Sun, 2010). Hyperspectral imaging generally 

measures the intensity of the absorbed or emitted radiation over a range of a spectral band 

along the electromagnetic spectrum. Data collected using a hyperspectral imaging system 

are the absorbed or emitted radiation values and are stored in the form of a hypercube. 

The hypercube is a complex data unit, which contains abundant information about the 

physical and chemical properties of the sample. Data collection using a hyperspectral 

imaging system depends of various parameters such as electromagnetic spectrum 

wavelength range used for imaging, type of the imaging system, and type of the imaging 

mode. 



 

12 
 

2.1.1 Imaging spectrum range 

Electromagnetic spectrum (Fig. 2.2) is the distribution of all types of 

electromagnetic radiation arranged in one-spatial scale ranging from very short 

wavelength (very high frequency and energy) gamma radiation to the long wavelength 

(very low frequency and energy) radio waves. Electromagnetic radiation is a wave of 

energy packets called photons with both magnetic and electrical properties, which upon 

interaction with matter produces a spectrum. Gamma radiation (wavelength less than 0.01 

nm) has very high energy and good penetration potential. In the food and agricultural 

industry, it is used for microbial safety as it can kill the microorganisms by disrupting 

their DNA (Deoxyribonucleic Acid) bonds. X-rays are classified into two forms, hard X-

rays (wavelength between 0.01 nm to 0.1 nm) and soft X-rays (wavelength between 0.1 

nm to 10 nm). There is a limitation in the use of gamma rays and X-rays for biological 

materials as their high energy damages the structure and components of biological 

materials. The use of UV (Ultra Violet) (wavelength between 10 nm to 100 nm) is well 

established in the food industry for water treatment, air disinfection and surface 

decontamination due to its low penetration power (Koutchma, 2008).  
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Fig. 2.2. Electromagnetic spectrum 

Microwaves (wavelength range from 106 to 109 nm) and radio waves 

(wavelength range from 109 to 1017 nm) have been used for grain disinfestation 

(Vadivambal et al., 2007) and to study the grain moisture distribution (Ghosh et al., 2007) 

due to their high transmission power. Visible range (400 to 740 nm) imaging is used 

mainly for colour-based sorting of agricultural and food materials. Visible light is 

generally used in combination with NIR radiation (400-1000 nm range) to achieve a 

robust hyperspectral range for quality identification in various foods. This range is called 

the Vis-IR region. Kim M.S. et al. (2002) had effectively detected fecal contamination on 

apples using hyperspectral imaging in the Vis-IR region (450 to 851 nm). Infrared 

radiation with a wavelength range of 900 to 12000 nm falls within the electromagnetic 

spectrum between the visible and microwave regions and is the most explored region for 

hyperspectral image analysis. Infrared spectrum that is closest to visible light is called 

NIR (ranging from 900-1700 nm) spectrum. Hyperspectral instrument designed for use in 

NIR region will have very high signal-to-noise ratio (10000:1) (Hans, 2003). In recent 
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years, NIR hyperspectral imaging was extensively applied for understanding the quality 

characteristics of food and agricultural materials (Vadivambal and Jayas, 2015). SWIR 

(Short Wave Infrared) (970-3000 nm) hyperspectral imaging technique has been used for 

identification of undesirable substances in food and feed (Pierna et al., 2012), moisture 

content of cereals like barley, wheat, and sorghum grain (McGoverin et al., 2011). MWIR 

(Mid Wave Infrared) (3000 to 5000 nm) and LWIR (Long Wave Infrared) (8000 to 

12000 nm) hyperspectral imaging has been used for the identification of hot gases and 

minerals, respectively, from the earth using remote sensin0.g techniques (Anonymous, 

2013). 

2.1.2 Imaging system 

The three dimensional hypercube (x, y, λ), which is a pile of two-dimensional 

spatial images acquired at various wavelengths can be obtained in any one of the three 

approaches: 

1) Intensity data collected at all the wavelengths for one pixel at a time; 

2) Intensity data collected at all the wavelengths for one row of pixels at a time; and 

3) Intensity data collected at one wavelength for all the pixels at a time. 

In a hypercube, a spatially arranged image at each wavelength contains an equal 

number of pixels. Each pixel contains the spectrum, which relates to the chemical 

composition of the sample at that individual pixel. The three-dimensional hyperspectral 

image datacube can be acquired using any one of the four approaches (Wang and Paliwal, 

2007):  

1) A point-to-point spatial pattern (whiskbroom method); 

2) Fourier transform imaging; 
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3) A line-by-line spatial scan pattern (line-scan or pushbroom imaging system); and  

4) Wavelength tuning with filters (area-scan or staring array imaging system). 

The line-scan and area-scan imaging system are better suited for quality analysis 

of food and agricultural materials (Mehl et al., 2004) (Fig. 2.3).  

 

Fig. 2.3. Hyperspectral imaging systems a) Line-scan or pushbroom imaging system 

b) Area-scan or staring array imaging system 
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Line-scan or pushbroom imaging system is proficient for collecting spectral data 

of a single spatial line at a time and progressively constructing the hypercube (Wang and 

Paliwal, 2007). The light intensity of the narrow line of the sample along full wavelength 

range is imaged onto one row of the hypercube using two-dimensional dispersing element 

and a two-dimensional detector array. This imaging system generally operates with an 

imaging lens having a slit-shaped opening aperture. The pushbroom hyperspectral 

imaging system uses a wavelength dispersive system that uses a diffraction grating 

(transmissive or reflective) or prism techniques. Pushbroom imaging works either by 

physically moving the sample (Martinsen et al., 1999) or by directing the beam and 

detector to the region of interest (Nicolai et al., 2007). Unlike area-scan imaging system, 

the spectral record of the entire imaging session can be controlled in the pushbroom 

technique. Pushbroom imaging system has been adopted in food and agricultural 

industries because of its speed and adaptability (Manley et al., 2009). 

Area-scan or staring array imaging system acquires the entire spatial image of the 

sample at one wavelength and steps through the next wavelength. This technique is also 

called wavelength scanning or tunable filter scanning or focal plane-scanning. Generally 

it uses tunable filters to collect images at one wavelength at one time. Tran (2005) had 

provided an extensive review of the principles, instrumentation and application of filters 

in infrared multispectral imaging systems. The most frequently used tuning filters in 

staring array hyperspectral imaging system are: filter wheel, LCTF (Liquid Crystal 

Tunable Filter), and AOTF (Acousto-Optic Tunable Filter) (Fig. 2.4).  
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Fig. 2.4. Tuning filters used for hyperspectral imaging a) Filter wheels; b) Liquid 

Crystal Tunable Filter; c) Acousto-Optic Tunable Filter 

Filter wheel is used in the most basic form of multispectral imaging system, 

where a mechanical filter wheel is incorporated into the optical path during imaging. The 

number of imaging wavelengths is determined by the number of windows in the filter 

wheel. This technique is restricted to a limited number of fixed wavelengths, which is 

initially determined by the prior knowledge about the sample‘s spectral behaviour (Fong 

and Wachman, 2008). This technique is mechanically restricted to change wavelength at 

a relatively slow pace. Filter wheels are only used in inexpensive imaging systems (Wang 

and Paliwal, 2007). AOTFs are crystals with optical properties and the wavelengths are 

controlled by sending acoustic waves through them. These sound waves are created by 

applying radiofrequency electrical signals, AOTFs wavelength and band width can be 

regulated electronically. LCTFs, also known as Lyot filters, can select various band 
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passes from the sample (band-sequential scanning system), as they are generated by 

alternate layers of crystal quartz plates and liquid crystal polarizer. LCTFs generally 

work in visible and SWIR of the electromagnetic spectrum. Use of these filters with 

hyperspectral imaging system increased the speed of data acquisition, made auto 

wavelength change and random wavelength selection possible, but in turn increased the 

overall cost of the system. The staring array imaging system is applicable for many 

operations where the sample is fixed at one point, for example, these tunable filters are 

used to change the excitation and emission wavelengths electronically to achieve 

excitation-emission matrix in florescence imaging (ElMasry and Sun, 2010). The two 

main drawbacks of staring array imaging systems when compared to the pushbroom 

imaging system are: 

1) Because of lengthy imaging time and continuous exposure to the illumination 

system, the sample gets heated up and sometimes loses moisture; and 

2) It is not useful for online sensing or real-time application in industrial scale, as 

stationary samples are needed. 

2.1.3 Imaging mode 

Understanding the theory of interaction of light with the surface of the studied 

material is important for understanding the concept of hyperspectral imaging. Generally 

hyperspectral imaging is carried out in any one of the optical modes (reflectance, 

absorbance, and transmittance) or in florescence mode. According to the optical property 

of the sample, when the electromagnetic radiation is incident on this sample, the radiation 

is reflected, absorbed, and transmitted. The absorbed light can sometime be re-emitted at 

lower energy and longer wavelength and this aspect is known as fluorescence. The 
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fluorescence and optical properties are the unified functions of the wavelength and angle 

of the incident radiation as well as physical and chemical characteristics of the sample 

(Chen et al., 2002; ElMasry et al., 2012a). According to Beer-Lambert law, the 

absorbance of the sample is directly proportional to the concentration of the chemical 

constituent of that sample. This law had laid the base for the concept of chemical 

composition analysis using hyperspectral imaging. 

Reflection is a process where the fraction of the electromagnetic radiation (radiant 

flux) incident on the surface of the sample returns into the same hemisphere whose base 

is the surface of the sample and which contains the incident radiation. The reflectance of 

light occurs in three main types: specular (reflects back from the surface at the same 

angle as that of incoming light), diffuse (scattered or reflected at many different angles) 

or a combination of both. Most of the biological materials reflect light in the diffusion 

mode. Reflectance is the most common hyperspectral imaging mode used for the 

analyses of food quality and safety. Reflectance mode measurements are easy to conduct 

without any contact with the substance and light level is reasonably high in relation to the 

sample (El Masry et al., 2012a). 

Transmittance is a process by which the fraction of the electromagnetic radiation 

(radiant flux) leaves the surface of the sample from the side (usually opposite) other than 

that of incident radiation. Within the electromagnetic spectral range transmittance is more 

commonly measured in the 700 to 1100 nm NIR region (Givens et al., 1997; Ariana and 

Lu, 2010). Although in transmittance, the extent of light passing through the sample is 

relatively small; it contains significant valuable information to detect internal defects and 

estimate the internal ingredient concentration of the food more accurately (Schaare and 
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Fraser, 2000; Shenderey et al., 2010). As it requires a strong light source and a sensitive 

detector, transmission mode is not always preferred when compared to the reflectance 

mode (ElMasry et al., 2012a). 

Interactance is an image sensing mode where the light is allowed to fall on the 

sample and detected using a detector lying on the same side of the sample (Wu and Sun, 

2013a). The part of light that interacts with the sample and is re-emitted is analysed in 

interactance mode. Due to exploration of this property of light in interactance 

hyperspectral imaging; it can deliver more valuable information about the deeper 

properties of the sample compared to reflectance. It is also advantageous than 

transmittance due to reduced influence of thickness of the sample. Unlike transmittance, 

where a special setup is required for sealing the light to prevent it from entering directly 

into the detector, interactance is also advantageous in its simple setup (Nicolai et al., 

2007). 

Absorbance is the process by which a portion of incident electromagnetic 

radiation (radiant flux) is retained in the sample without complete reflectance or 

transmittance. In this case, the incident energy is converted into a different form and 

preserved within the sample. The amount of energy converted into the different form is 

dependent on chemical constituents of the sample. 

Fluorescence is a technique in which light absorbed at a given wavelength by a 

chromophore of the sample is retained and later emitted at higher wavelength (Kim M.S. 

et al., 2001). This difference in absorption and emission wavelengths is called Stokes 

shift. The phenomenon of fluorescence is observed in various samples in the visible 

region (400-700 nm), when excited with UV radiation (Chappelle et al., 1991; Lang et 
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al., 1992). In the areas of cell biology, medicine, forensic, and environmental sciences 

steady state fluorescence imaging is regarded as a sensitive optical technique and used for 

scientific research (Harris and Hartly, 1976; Chappelle et al., 1984; Albers et al., 1995). 

Changes in fluorescence emission of food due to contaminations with fecal material and 

infection with pathogens serve as a basis for application of fluorescence hyperspectral 

imaging for foods. Despite these advantages, the use of fluorescence imaging for the on-

line quality and safety assessment in the food industry is not fully explored due to the 

complexity of this phenomenon (Kim M.S. et al., 2001). 

2.2 Hyperspectral Data Pre-Processing Before Extraction of the Information 

Unlike conventional imaging, hyperspectral imaging is more subjected to 

variations due to external factors and imaging components and complexities in food. 

Food samples being complex matrices with conditions like surface inhomogeneity bring 

variations in acquired data. Incident light on the food material experiences both scattering 

and absorption effect due to the complexity in its interaction with various components in 

food material. This scatter effect is due to physical properties of food material like 

cellular structure, particle size, density, etc. and absorption effect is due to chemical 

composition like carbohydrates, protein, fat, etc. Hence, before applying any modelling 

method, the homogeneity among the input data should be ascertained, as data are affected 

by outliers, subgroups or clusters (Centner et al., 1996). To reduce these variations and to 

extract the useful information from hyperspectral images, spectral pre-processing tools 

are generally used. In spectral data analysis, the most important function of the pre-

processing techniques is to reduce the undesirable variation and noise during 

hyperspectral data acquisition and make the data analysis more meaningful. If fair results 
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are expected from the hyperspectral data analysis, the pre-processing step is often of vital 

importance (ElMasry and Sun, 2010). 

Hyperspectral imaging involves the application of Beer-Lambert law which 

shows the interaction between the incident light and chemical properties of the sample 

through which this light passes. Beer-Lambert law can be mathematically represented as 

Equation 2.1: 

𝑎 = 𝜀𝑏𝑐…………………………………………………………………………………2.1 

Where ‗a‘ is the absorbance of the sample, ‗ε‘ is the molar absorptivity of the 

sample, ‗b‘ is the effective path length, and ‗c‘ is the constituent concentration in the 

sample. As the product of ‗ε x b‘ remains constant, spectral pre-processing techniques 

aim to maintain the relationship between absorbance ‗a‘ and constituent concentration ‗c‘ 

to be linear and making the measured absorbance a perfect representation of constituent 

concentration. This linear relationship is affected by undesirable phenomena such as 

particle-size effects, scattering of light, morphological differences like surface roughness 

and detector artifacts. For instance, if the spectrum of a sample is affected by light 

scattering, Beer-Lambert law is not applicable and this kind of spectrum needs to be pre-

processed in order to eliminate this effect before model development (Stordrange et al., 

2002). Pre-processing techniques are applied on spectral data to eliminate non- linearity 

between hyperspectral data and concentration of sample constituent and to remove the 

noise. Pre-processing techniques that are established on feature selection or extraction 

always intend to reduce or transform the primary feature space into another space of 

lower dimensionality (Melgani and Bruzzone, 2004). Pre-processing and collection of 
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accurate auxiliary data are the most important requirements to extract qualitative 

information from the hyperspectral data. 

Pre-processing techniques are used on the hyperspectral data for the following reasons: 

1) Identification and removal of trends, outliers and noise in data; 

2) Improvement of the performance of the subsequent qualitative and quantitative 

analyses; 

3) Enhancement of data interpretation;  

4) Simplified machine learning using pre-processed data; and 

5) Removal of inappropriate and unnecessary information from the data and 

reduction of the scale of data mining step. 

For more systematic understanding, different spectral pre-processing techniques 

can be categorized into, reference dependent and reference independent groups. 

2.2.1 Reference dependent pre-processing techniques 

Reference dependent techniques use pre-determined reference values for spectral 

pre-processing. The main categories of reference dependent techniques are 

orthogonalization, optimized scaling, and spatial interface subtraction. Wold S. et al. 

(1998) had proposed the orthogonal signal correction (OSC) as a reference dependent 

pre-processing technique. From the general understanding of hyperspectral data set, most 

of the spectral variance is of very little or even nil analytical importance. So, for better 

analysis it is important to remove the variance that is orthogonal to the component of 

interest from the data set. The number of orthogonal factors to be eliminated from the 

data set must be decisive and the more the number of factors eliminated, the greater is the 

reduction of orthogonal variance (Boysworth and Booksh, 2007). The OSC is also used 
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for instrument standardization by removing the variability which is inappropriate to the 

predicted variables. 

Orthogonalization is not a single pre-processing technique; rather it is a group of 

algorithms and programs, with a goal to separate the variation in the sample spectrum, 

which will not correlate with the reference value (Rinnan et al., 2009). When the factors 

are too many and well collinear, PLS is used to develop predictive models. PLS was first 

developed by Herman Wold in 1960, as a statistical technique for economics. Since then, 

it was subjected to continuous improvement and has been used in many different fields 

for multivariate calibration, regression, classification, discriminate analysis, and pattern 

recognition. Projections to latent structures by means of PLS is one of the important 

methods to analyzing the multivariate data, where measurable relationship between a raw 

data matrix X and the response matrix Y is needed (Trygg & Wold, 2002). PLS is a very 

robust technique in handling collinearity, noises and missing data in both descriptor and 

response matrices. PLS was subjected to continuous improvement like development of 

non-linear iterative partial least square (NIPALS) method, partial least square 

discriminate analysis (PLS-DA), OSC, etc. since the time it was proposed. Orthogonal 

projections to latent structures (O-PLS) is a relatively new technique, which is developed 

as a spectral pre-processing technique to enhance the interpretation of PLS models and 

relatively reduce the model complexities. Similar to OSC, objective of O-PLS is to 

eliminate the precise variations in X that are not correlated to Y. In O-PLS, systematic 

variability in matrix X is separated into Y predictive components and Y orthogonal 

components. Components containing the variation that is commonly correlated with X 

and Y are represented as Y predictive components; these variations are in linear 
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correlation with Y. Components that have specific variation for X that is uncorrelated or 

orthogonal to Y are represented as Y orthogonal (Cloarec et al., 2005; Trygg et al., 2007; 

Stenlund et al., 2009). 

The main advantages of O-PLS method are that the O-PLS treated data are easier 

to interpret, as they have limited components. The data are more relevant in O-PLS 

technique because it not only separates non-correlated variation from the data set, but 

also provides an opportunity to study and analyse this non-correlated variation. Although 

these two advantages make the O-PLS reliable for easy interpretation of data, the 

application of O-PLS for the pre-processing multispectral or hyperspectral data was 

limited (Abbas et al., 2012; Dumarey et al., 2014; Mncwangi et al., 2014).   

Optimised scaling (OS) was first introduced by Karstang & Manne (1992), as a 

theoretical-based method for the linear calibration of spectral data, when it does not have 

a fixed intensity range. They proposed two calibration methods for spectral data sets. 

Initially, this method gained little attention, as it is advantageous only when one 

constituent calibration data are available. But the second method is more generalized. 

Multiplicative scatter correction method uses reference spectrum (usually mean 

spectrum) for the spectral calibration, but these problems are not faced when optimized 

scaling is used. Karstang & Manne (1992) had shown the successful application of 

optimized scaling for the data from X-ray diffraction data of mixture of minerals, infrared 

spectra of organic liquids, and NIR spectra of various food products. They also proposed 

that care must be taken while applying optimized scaling on the data with additive or 

baseline effects. 
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Target chemical constituent identification using hyperspectral imaging is a 

demanding task. Hyperspectral data obtained for the analysis of chemical components are 

generally affected by unidentified components, components interaction, temperature, 

light scattering, etc. Spectral interferences are generally caused by impurities that interact 

with the analyte or constituent of interest. Spectral Interference Subtraction (SIS) method 

involves the removal or elimination of certain additive interferences from the input 

spectra. Martens and Stark (1991) developed SIS method as a spectral pre-processing 

technique for NIR spectroscopy, and then used it for the interference correction in the 

field of biomedicine for speech and language processing (Hu and Wang, 2011), 

electrocardiography (Levkov et al., 2005), and trace elements using X-rays (Donovan et 

al., 1993). 

2.2.2 Reference independent pre-processing techniques 

Reference independent pre-processing techniques provide more generalized tools 

suitable for exploratory studies, where there is no reference value available (Rinnan et al., 

2009). The most commonly used spectral pre-processing techniques are scatter correction 

and derivatives. Multiplicative scatter correction (MSC), also called multiplicative signal 

correction, is the most common pre-processing technique used for scatter correction of 

infrared (IR) spectra. Martens et al. (1983) developed MSC as a multivariate linearity 

transformation technique, later it was elaborated and applied to NIR reflectance of meat 

by Geladi et al. (1985). The main purpose of MSC is to reduce the scatter in the spectra 

that is caused by various particles in the sample. The MSC technique initially calculates 

the correction factor for the original spectra using reference spectra (generally mean 

spectrum) and then corrects the original spectra using this correction factor by back 
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transformation. Standard normal variate (SNV) was first proposed by Barnes et al. (1989) 

as a spectral pre-processing technique, with an aim to remove the multiplicative 

interferences due to particle size of the sample and scatter and to account for the 

differences in the curvilinearity and baseline shift in the reflectance spectra (Buddenbaum 

and Steffens, 2012). This technique makes the data more understandable, as the corrected 

spectrum has a greater linear relationship between spectrum and constituent 

concentration. 

Resolution of IR spectra is enhanced by spectral derivatives. Savitzky-Golay 

smoothing and derivative and Norris-Williams derivation are the most common spectral 

derivative techniques used with an aim to resolve and remove the overlapping bands in 

complex IR spectral signals (Rinnan et al., 2009). Savitzky-Golay (SG) smoothing and 

derivative technique were first proposed by Savitzky and Golay (1964) and further 

elaborated by Steinier et al. (1972). Initially this technique was used for continuous and 

equally spaced data. Evaluation of derivative is achieved by executing the data through a 

window-wise symmetric filter (Brown et al., 2000). The main benefit of SG technique is 

that it can carry out smoothing, noise reduction and computing derivatives in one single 

step. The method proposed by Savitzky and Golay (1964) contains some numerical errors 

which were addressed and corrected by Steinier et al. (1972). Norris (1983) introduced 

the derivative technique, which was later modified by Norris and Williams (1984). This 

technique was named the Norris-Williams (NW) spectral derivative technique (Norris, 

1983; Norris and Williams, 1984). The principle behind NW technique is to smoothen the 

spectral data based on a moving average (Massart et al., 1997) over data points, and the 

gap between these data points is used to estimate the derivatives and then finite difference 
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is calculated based on this smoothing spectrum. Unlike the SG method, the NW method 

is less prone to high frequency noise, as it uses both smoothing by moving average and 

gap size for derivative. Application of NW pre-processing technique (gap size for 

derivatives part) for spectral data is not properly defended as the data are not presented in 

a time domain. 

2.3 Types of Information Extracted from Hyperspectral Data 

The hypercube or datacube collected using high performance hyperspectral 

imaging can be visualized in two different ways, one along all wavelengths of the 

imaging spectrum to obtain spectral data and another at each wavelength to obtain spatial 

data. Using these spectral and spatial data either sample qualitative (e.g., detection of 

defects) or quantitative information (e.g., quantification of chemical composition and 

contamination) can be gathered. 

2.3.1 Qualitative analysis 

Qualitative analysis of food and agricultural products include analysis of chemical 

composition of the materials, detecting of defects and purity of materials present. 

Hyperspectral imaging technique has proved to be a non-destructive analytical technique 

for the non-destructive analysis of food quality and safety (Wu and Sun, 2013b). 

Qualitative information about the sample can be obtained when spectral data of a 

hypercube are analysed using proper chemometric techniques. Using the entire spectra 

for the qualitative analysis is time consuming and burdensome on the statistical software. 

In order to overcome this, exploratory data analysis techniques are used to select 

indispensable wavelengths from the excessive data for multispectral analysis. When 
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selecting the indispensable wavelengths care should be taken to avoid loss of crucial data. 

Qualitative parameters are generally analysed using data exploratory techniques or 

supervised or unsupervised classification techniques. Out of all chemometrics techniques, 

classification methods are the basis for the qualitative analysis of chemical composition 

and purity of the component in the food and agricultural sample. Classification methods 

are machine learning techniques that develop mathematical models that can recognize 

each member of the sample to its appropriate class on the basis of some set model 

parameters. Once the model is developed, it has the capability to read the unknown 

sample using its model parameters and later assign it to one of the classes. Classification 

techniques are extensively used in the fields of chemistry, process monitoring, medicine, 

pharmacy, social sciences, economics and food science (Ballabio and Todeschini, 2009). 

Rapid quality inspection is of major concern in automated food and agricultural 

industries. Classification modelling is the most appropriate technique to handle these 

concerns. 

2.3.2 Quantitative analysis 

Initially the use of hyperspectral imaging in the field of food and agriculture 

started to assess the quality of the product. Quantification of various chemical 

constituents in food and agricultural samples can be analysed using categorical regression 

techniques. Hyperspectral regression models are developed using known concentrations 

of chemical constituents and once the model is developed and validated, analysis of an 

unknown sample is simple using this model. Detection of various materials using 

hyperspectral imaging involves identification and quantification of those in a spatial 

image using their respective spectral features. Every pixel of the identical sample in an 
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image has identical spectral signature. Identification and quantification of various 

materials using hyperspectral imaging is a challenging task. Hyperspectral imaging 

applied along with image processing and chemometrics make the detection and 

quantification of materials possible. Chemometric techniques like principal component 

regression (PCR), multi linear regression (MLR), and partial least square regression 

(PLSR) are generally used to measure various food components quantitatively. 

Regression models are quantitative feedbacks on the basis of a set of descriptive variables 

(Ballabio and Todeschini, 2009). Regression analysis helps to develop an association 

between the hyperspectral data and the measured property of the material. This 

mathematical expression relating the systematic responses or signals to the constituent 

concentration of the sample is also known as the calibration equation (Mark and 

Workman, 2003).  

2.4 Extraction of Information from Hyperspectral Data 

2.4.1 Exploratory data analysis 

Exploratory data analysis technique when used as a statistical method can 

recognize the main characteristics of the data and see what the data tells us beyond 

classification modelling and regression analysis. Exploratory data analysis technique was 

promoted by John Tukey as a method to see what the data can offer for the researcher 

other than the general modelling for performing qualitative analysis (Tukey, 1980). In a 

broad sense, these methods are used for detecting the data errors, cross validating the 

assumptions and selection of a suitable model. In hyperspectral imaging, these are also 

used to reduce the amount of information in the data. Most commonly used exploratory 
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data analysis methods are principal component analysis (PCA) and independent 

component analysis (ICA). 

Principal component analysis is a method to transform the dataset linearly into 

smaller dimension dataset with variables that are uncorrelated with each other. It was 

proposed for the first time by Pearson (1901) and Hotelling (1933) to explore the 

invisible structures in the data that assist in more accurate classification. In order to 

achieve this, the data are rotated in the sample space of observation. PCA is an important 

step for the identification of key wavelengths and reduces the massive hyperspectral 

imaging dataset. This reduction in data makes it possible to use in online sensing. PCA is 

used for feature reduction by changing data to a new set of axes and creating subsets and 

these subsets show higher differentiability (when compared to the original data subsets) 

(Jiang et al., 2010). Projection based methods like PCA are generally applied for data 

dimension reduction and feature selection problems.  

Principal components are the new components that are generated by orthogonal 

linear transformation of the original dataset. The new components are formed by rotating 

the data so that the first principal component has the highest variance by any projections 

of the data set; the second principal component has the second highest variance by any 

projection of the data set and so on. Hyperspectral data set (hypercube) H with X × Y × λ 

dimensions is decomposed using PCA into a set of scores and loadings (Amigo, 2010). 

Transformed dataset can be represented in matrix form as Equation 2.2. 

HI = SLs + E…………………………………………………………………………...2.2 
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Where H
I
 the transformed dataset with dimension XY × λ, S is the scores surface 

with dimension XY × F, L
S
 is the loading profiles with dimension F × λ, and E is the 

residual matrix with dimension XY × λ. The main advantage of PCA is that the number 

of principal components can be ascertained from the principal component score, variance, 

and factor loadings results. The loading profile and the scores surface of the each 

principal component can be an association of pure principal component, a physical effect, 

or even a combination of both (Amigo et al., 2008). These properties of PCA, make it a 

very robust technique to handle the massive hyperspectral data. 

Independent component analysis is another exploratory data analysis and 

hyperspectral image feature selection method. It is also used for feature extraction, 

pattern recognition and unsupervised classification. It was proposed for the first time by 

Herault and Jutten (1986) and further developed by Comon (1994). It is a method to 

separate spectral signals into a number of additive subcomponents. These subcomponents 

are believed to be statistically independent (occurrence on a subcomponent does not 

affect the other) of one another and are not following Gaussian function. It obtains the 

independent source signals by searching for a linear or nonlinear transformation that 

maximises statistical independence between components (Jiang et al., 2010). Before 

application of the ICA algorithm on the hyperspectral data, it is recommended to centre, 

whiten and reduce the dimension of the data (Polder et al., 2003). Data centering is done 

to simplify the ICA algorithm and is attained by subtracting the mean of the components 

of the vector from every component. Whitening transformation technique transforms the 

data so that they have the identity covariance which suggests that all dimensions of the 

matrix are statistically independent and the variance along each of the dimension is equal 
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to one. Whitening and data reduction can be done using PCA; hence data are processed 

using PCA before applying ICA. 

2.4.2 Unsupervised learning 

Unsupervised machine learning techniques are used to explore the hidden 

structures in a hyperspectral data set. The main difference that separates unsupervised 

from supervised machine learning techniques is that unsupervised techniques when 

dealing with the unlabeled data deliver an underlying structure of that data. As there are 

no generated response data for comparison of results, this technique cannot generate the 

error terms. Unsupervised learning will only have the original input data to work on. Two 

most common unsupervised machine learning methods are dimensionality reduction and 

clustering. PCA and ICA are the classic examples of dimensionality reduction 

techniques. PCA and ICA disintegrate the spectral data into a number of components 

(principal or independent) in order to distinguish the key directions of variability in the 

high dimensional data space (Wu and Sun, 2013b). First few components of PCA and 

ICA carry most of the information that can accurately distinguish between the samples.  

The K-means, fuzzy, and hierarchical clustering are the classic examples of 

clustering techniques. The K-means clustering technique clusters input data into k cluster 

groups of equal variance. Samples belong to their respective cluster group by minimizing 

their distance to the cluster centroid. K-means use the centroid of the cluster as the 

criterion to assign the cluster for each sample and are achieved by minimising the sum of 

squared errors (Ding and He, 2004). K-means is also called hard clustering as it verifies 

whether the object belongs to the cluster or not and the number of clusters is initially 
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specified. In contrast, Fuzzy clustering method assigns the samples to different clusters 

simultaneously with varying degrees of membership (Amigo et al., 2008). Hierarchical 

clustering is a method to build a hierarchy of clusters that is normally presented in the 

form of a binary tree diagram, commonly known as dendrogram. The main principle of 

hierarchical clustering is to group the sample to a cluster by measuring the distance 

between the two consecutive samples. The hierarchical clustering is not suitable for large 

data sets (Wu and Sun, 2013b). Among the clustering techniques, Fuzzy clustering is 

more prominently used for hyperspectral data analysis. Although clustering techniques 

are very robust, their use for hyperspectral data analysis is very limited as they lack the 

ability to guess the correct number of clusters to be developed (Amigo et al., 2008; Lopes 

and Wolff, 2009). 

2.4.3 Supervised learning 

Supervised learning is a machine learning technique which groups the unknown 

samples into the known predefined groups as per their measured features (Wu and Sun, 

2013b). Supervised learning is a process of understanding a set of rules from the instance 

(training set) with an aim to create a classifier that can be used upon new instance (test or 

validation set) (Kotsiantis, 2007). A training set consists of pairs of input vectors and 

desired output. The output of the classifier can be a model to predict unknown samples 

(for regression), or can anticipate a class label of the input vectors (for classification). In 

other words, supervised learning evaluates input training set to develop function that can 

be used for mapping the testing set. Supervised learning is the most successful statistical 

technique used along with hyperspectral imaging in food and agricultural applications. 
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Kotsiantis (2007) provided an extensive review on different supervised machine learning 

techniques and their use in classification of various real world problems. 

2.4.3.1 Discriminant analysis 

Discriminant analysis is by far the most well-known and extensively used 

classification method (McLachlan, 1992). It is a supervised learning technique which 

uses discriminant analysis function to assign a dataset to one of the previously established 

groups. Discriminant analyses are very robust, but they over-fit the multi-collinear data 

(correlated among themselves) (Hand, 1997). Data reduction using stepwise discriminant 

analysis (SWDA) (Jennrich, 1977) or PCA (Pearson, 1901; Hotelling, 1933) can resolve 

this problem. Quadratic, linear and partial least square discriminant analyses are a few 

important discriminant analysis techniques. 

Quadratic discriminant analysis (QDA) classifies the samples into the classes with 

quadratic shaped boundaries and assuming that multivariate normal distribution is 

common in each class (Ballabio and Todeschini, 2009). Linear discriminant analysis 

(LDA) is considered as the special case of discriminant analysis, first proposed by Fisher 

(1936). LDA follows all the principles of discriminant analysis, but it uses pooled 

covariance as it assumes that the covariance matrices of the class are equal. For 

classification of samples into different classes, LDA develops linear projections of 

independent variables (Wu and Sun, 2013b). Although it is similar to PCA in considering 

the independent variables, LDA also contains class information of samples. Like QDA, 

LDA also assumes that multivariate normal distribution is common in each class, but the 

covariance matrices of the classes are equal, hence both LDA and QDA are assumed to 

work well if the sample classes are normal. The main disadvantage of LDA is that it does 
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not hold well with the condition where the number of samples is less than that of number 

of variables, as in this condition the inversion of covariance matrices becomes difficult. 

Hence with LDA it is always preferred to have more samples than the number of 

variables. As QDA generates covariance for each class, it can handle or require a larger 

number of samples than LDA. QDA and LDA are the most commonly used classification 

techniques of hyperspectral imaging data from food and agricultural products. 

Partial least square discriminant analysis (PLS-DA) is a supervised learning 

technique that combines the regression power of partial least square (PLS) and 

classification power of discriminant analysis. PLS-DA based on their spectral fingerprint, 

assigns the unknown samples to one (and only one) of the available categories. This 

technique is derived from PLSR (Wold S. et al., 1983) and is referred as a secondary data 

analytical step involving the construction of statistical classification models (Baker and 

Rayens, 2003). PLS was designed for regression analysis (Wold H., 1975), but recently it 

was combined with LDA and used as a discriminant technique. PLS-DA coincides with 

the inverse-least-square approach to LDA and gives the result similar to LDA, but with 

less noise and the advantage of variable selection (Ballabio and Todeschini, 2009). There 

are two kinds of PLS algorithms, PLS1 algorithm deals with one dependent Y variable 

and PLS2 deals with more than one dependent Y variables. PLS-DA is a PLS2 algorithm 

(many Y variables) that hunts for abstract (or latent) variables that have maximum 

covariance with Y variables (qualitative in nature). The Y block represents whether the 

sample is classified correctly or not. In PLS-DA classification with two classes, Y 

variable will be given one if the sample is classified correctly or else given zero if it is 

wrongly classified. When dealing with multiclass classification, for each sample a PLS2 
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algorithm for multivariate qualitative response is applied, it will return prediction value 

between 0 and 1 for each class. If the value is closer to 1, then it indicates the sample 

belongs to that particular class or else not. A threshold between 0 and 1 is used to assign 

a class for the sample. 

2.4.3.2 Categorical regression 

Regression is a statistical procedure which determines the relation between a 

dependent variable and an independent variable. Categorical regression calibrates the 

data by accrediting numerical values to classes, which results in optimal linear regression 

equation for the transformed variables. PCR and PLSR are the best known categorical 

regression techniques used for extracting information from hyperspectral imaging data. 

Multicollinearity is a statistical procedure where several independent variables 

participating in multiple regression modeling are highly correlated to one another. Due to 

multicollinearity, least square of the variables are unbiased, but they have more variance 

between them. PCR is a multivariate regression analysis technique for analysing data 

with high multicollinearity between the variables. PCR reduces the standard error by 

adding bias to the regression estimates and it is hoped that more reliable estimates will be 

achieved due to this overall effect. The simple matrix notation of PCR is given as 

Equation 2.3. 

Y = XB + E……………………………………………………………………………...2.3 

Where, Y is the dependent variables matrix (concentration matrix), X is the 

independent variable matrix (hyperspectral imaging data), Ḇ is the coefficient of 
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regression and E is the error or the residual matrix. As PCR considers the variances 

among variables, more freedom is provided in variable selection and hence it avoids the 

problem during further mathematical calculations. PCR model developed using the 

independent and dependent variables sometimes gives a random error or noise rather than 

giving the anticipated relationship (model outfitting). This can be avoided by choosing 

optimal number of PCs. The main problem with PCR is that the PCs that describe the 

independent variable matrix (hyperspectral imaging data), may not be the perfect PCs for 

predicting the concentration of the sample. This problem can be resolved by applying an 

intermediate correlation coefficient calculation step between sample concentrations and 

the PC scores and selecting those components that are significantly correlated for 

subsequent regression (Romia and Bernardez, 2009). 

PLSR is a well-known chemometrics tool that is used to estimate the biological 

and chemical properties of the sample from their hyperspectral spectrum. PLSR is 

extensively used for the study of massive hyperspectral data and was introduced for the 

first time by Wold H. (1975) for the field of econometric as an alternative to the general 

least square regression to handle the data with variables showing high collinearity. 

Similar to PCs of PCR, when applied to create a relationship between concentration 

matrix Y and hyperspectral matrix X, PLSR develops latent variables known as PLSR 

components (PLSRCs) which are in linear combinations with variables in matrix X. 

Unlike PCR, PLSR ensures that the first few of its PLSRCs contain as much information 

as possible to classify the matrices X and Y. They also manage to explain most of the X 

and Y variances during calibration and compression. As PLSRCs are corrected for 

maximizing the prediction capability of matrix Y, they will not match fully with the 
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direction of maximum variation (Romia and Bernardez, 2009). The simple matrix 

notation of PLSR is given as Equations 2.4 and 2.5. 

X = XpP
T + E1………………………………………………………………………….2.4 

Y = YpQ
T + E2………………………………………………………………………….2.5 

Where Y is the dependent variables matrix (concentration matrix), X is the 

independent variables matrix (hyperspectral imaging data), Xp and Yp are the matrices of 

the X scores and Y scores, respectively, P and Q are the orthogonal loading matrices and 

E1 and E2 are the error or residual matrices. Similar to PLS-DA, PLSR also has two kinds 

of algorithms, PLS1 to handle only one response variable and PLS2 to handle more than 

two (multiple) response variables. PLS1 is generally used to determine concentration of 

only one component of Y and PLS2 is used to determine the concentration of multiple 

components of Y. 

2.4.3.3 Other supervised classifiers 

Naïve Bayes (NB) classifier is one of the most popular probabilistic statistical 

classification methods. NB classifier is based on application of Bayes theorem (Bayesian 

statistics) with few firm assumptions. The main assumption made for this classifier is that 

all the features are independent of other features specifying the state of class variables 

(Langley et al., 1992; Friedman et al., 1997). Decision in NB classifier is made by 

assuming that the availability or non-availability of a particular feature is always 

unrelated to the availability or non-availability of any other feature of a class. NB 

considers that these individual features contribute to the probabilistic theory in order to 
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judge whether the sample should be categorized to a particular class or not. Under 

supervised learning conditions, NB classifier can be trained very precisely as it depends 

on the effective nature of a probability model. Maximum likelihood method is used for 

the estimation of parameters for NB models. Due to this special character of NB, one can 

use it for classification without believing in Bayesian probability or using any Bayesian 

methods. NB classifier had performed very well in solving various real world problems 

using hyperspectral imaging despite its speculation that all the features are independent. 

Main advantages of NB classifier is that a very small training set is enough to determine 

the parameters (e.g., mean and variance) needed for classification. As the main 

assumption is to have independent variables, variance of the variables for each class is 

required but not the covariance of the entire matrix. 

Support vector machine (SVM) is a linear supervised machine learning technique 

which relies on the concept of hyperplanes that define decision boundaries. Hyperplane is 

a decision plane that separates a set of samples to different classes. The concept of SVM 

was introduced by Cortes and Vapnik (1995) and later used for data mining by Burges 

(1998) and Duda et al. (2001). In SVM, the hyperplane separating two classes is 

supported by subsets called support vectors. Classification rule is drawn using these 

support vectors (subsets of the training set that are lying in the nearness of the boundary 

between two classes). Due to this the result of the SVM classification is contingent only 

on the support vectors and this result does not vary when some of the samples other than 

these support vectors are removed. SVM algorithm during optimization searches for the 

hyperplane with maximum margin (distance between hyperplane and the support vectors) 

to give the ideal separating plane for classification. Generally SVMs are the linear 
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classifiers, if non-linear separable classes are available; it is difficult to use the linear 

classifier for accurate classification (Ballabio and Todeschini, 2009). In order to handle 

this problem SVMs are integrated with one of the non-linear kernel functions 

(polynomial, Gaussian and sigmoid kernels). SVMs are generally applied for binary 

classification problems; multiclass classification is possible by taking into account one 

class at a time and developing a classifier that separates this class from all the other 

classes. Then during testing, a sample is assigned to the nearest class and decision 

function is used to formulate the distance from each class. 

An artificial neural network (ANN) is the most popular chemometrics technique 

that has gained importance in the chemical analysis application. ANNs are robust and can 

handle unsupervised (clustering) and supervised (modeling) problems and can work with 

both qualitative and quantitative analysis. It is important to review the nature of a 

problem and then consider the best neural network (NN) strategy to solve it, since 

different NNs construction and different NN learning programs have been suggested in 

the literature (Zupan, 1994). ANN works like the human nervous system, where each 

neuron receives a signal from neighbouring neurons, and later executes them and finally 

gives out the output signal (Eluyode and Akomolafe, 2013). The function which 

computes the output vector from the input signal consists of two parts: 

1) Evaluation of net input and it is the linear product of input variables and their 

weights; and 

2) Transferring the net input to output vector in a non-linear way (Ballabio and 

Todeschini, 2009).  
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The number of neurons used in ANN may vary from ten to several thousands and 

are based on the analysed data (training set) (Zupan and Gasteiger, 1993). 

2.5 Advantages and Disadvantages of Hyperspectral Imaging 

Hyperspectral imaging has revolutionized the quality assessment for food and 

agricultural materials by providing both the quantity and quality of the product at the 

same time. The advantages of using a hyperspectral imaging setup for quality assessment 

are as follows: 

1) Hyperspectral imaging does not require any separate sample preparation; 

2) It is a non-damaging technique; hence a sample can be saved for further analysis; 

3) Once the model is developed, calibrated and validated, analysis of unknown 

sample is relatively simple; 

4) Relatively safe to the environment, as no chemicals are required for analysis; 

5) In industry prospective, economical when compared to conventional chemical 

analysis methods, as it reduces additional costs for reagents, labour, and waste 

treatment; 

6) Collection of massive spectral information for every pixel provides more accurate 

information about the sample chemical constituents and provides a chance to 

refine the data and perform critical analysis; 

7) As every pixel in the hypercube has similar number of spectral bands, selection of 

region of interest is flexible; 

8) Both subjective and objective study can be done using the same images; 

9) Multiple constituents can be analysed from the spectra; 
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10) Further processing allows us to understand the chemical constituents of the 

material and is generally called chemical imaging (ElMasry and Sun, 2010); 

11) Although samples are similar in morphology, colour, etc. (e.g., Canadian wheat 

classes), very small chemical variations are sufficient enough to classify them 

accurately (Mahesh et al., 2010); 

12) If the most prominent wavelengths for classification are identified, data 

processing time can be reduced drastically; 

Despite of its advantages, hyperspectral imaging also has some constraints or 

disadvantages: 

1) A hyperspectral imaging system is expensive when compared to other image 

processing techniques; 

2) Because the hyperspectral data are massive, the process requires large capacity 

drives for data storage and high speed computers for data processing; 

3) As many images are collected all along the spectral range, this technique requires 

more time than traditional digital imaging system;  

4) Requires efficient and powerful correlation models to understand the minor 

chemical constituents;  

5) Development of online monitoring system is difficult as data acquisition and 

analysis are time consuming; 

6) Imaging is affected by external environment like illumination, scattering, etc., 

hence produces poor signal-to-noise ratio; 

7) Spectral pre-processing techniques are required in order to curtail the 

consequences of external factors like light scattering, noises, etc.; 
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8) Liquid samples are difficult to handle as the imaging is affected by heterogeneity 

within the sample; 

9) From analyst point of view, regulated calibration and precise model generation are 

needed as hyperspectral imaging is an indirect analysis technique (ElMasry and 

Sun, 2010); 

10) Identification and detection of different objects within the same image using 

spectral data is challenging unless different objects have different absorption 

features; 

11) Cannot detect micro compounds as accurately as GC and HPLC. 

Hyperspectral imaging is an effective technique, but this system is highly 

influenced by various external factors like variations in illumination system, noises in 

instrumentation, etc. 

2.6 Applications of Hyperspectral Imaging 

Hyperspectral imaging technique can be used to obtain the spectrum of a sample 

over a certain wavelength range. This spectrum delivers the complete chemical signature 

of the sample at the pixel level. The meaningful information from the spectrum can be 

obtained using different chemometric techniques. In this section hyperspectral imaging 

technique applications for the food or agro products and infield agricultural operations 

are summarized. 

2.6.1 Food and Agro Products 

The hyperspectral imaging technique was successfully applied to solve various 

qualitative and quantitative problems for food and agro products. Xing et al. (2011) 
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compared the NIR hyperspectral imaging with Fourier-Transformed Infrared (FTIR) 

spectrophotometer in the 1235-2450 nm wavelength range for predicting the alpha-

amylase activity in individual wheat kernels. The NIR imaging system was used to 

acquire the reflectance spectra and FTIR was used to acquire absorbance spectra of the 

same wheat kernels. Both NIR and FTIR spectra were pre-processed using area 

normalisation, SG 2
nd

 derivative and extended multiplicative scatter correction (EMSC) 

pre-processing techniques. The unprocessed NIR hyperspectral imaging system gave 

similar r
2
 and root mean square error (RMSE) values as that of the FTIR imaging system. 

The NIR hyperspectral imaging when used along with SG 2
nd

 derivative pre-processing 

technique gave the highest r
2
 value of 0.88 when compared with any other combination 

of imaging system and pre-processing techniques. 

McGoverin et al. (2011) investigated the viability of barley, wheat, and sorghum 

grains using NIR hyperspectral imaging. Hyperspectral images of cereal grains were 

obtained in the 1000-2498 nm wavelength range. The acquired reflectance spectra were 

transformed to pseudo-absorbance before applying the SNV data pre-processing 

technique. The PCA was applied to the pre-processed data to identify and remove 

unwanted data points and PLS-DA was conducted to discriminate the non-viable from 

viable cereal grain samples. The use of PLS-DA eliminated subjective assessment of the 

patterns in the PCA score plots. To overcome this PLSR was applied to the dataset. The 

PLSR model required larger datasets to improve the viability prediction. 

Bauriegel et al. (2011) applied hyperspectral imaging technique for the early 

identification of the Fusarium infection in wheat. Hyperspectral images (in 400-1000 nm 

range) of wheat heads infected with Fusarium were acquired when the wheat heads were 
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still on the plant under laboratory condition. PCA was applied to differentiate the infected 

and healthy wheat head tissue spectra. The healthy and diseased samples were 

successfully classified with 87% accuracy when the Spectral Angle Mapper image 

analysis technique was applied to the data.  

Ariana and Lu (2010) used hyperspectral imaging technique for identifying the 

surface defects of whole pickles. Hyperspectral images of the pickles were acquired in 

the reflectance and transmittance mode in the 400-675 nm and 675-1000 nm, 

respectively. First three principal component scores obtained by applying PCA were used 

to select the most contributing factors for the discrimination of the good and defective 

pickles. These PC scores contributed 95% of variation between the good and defective 

pickles.  

Kamruzzaman et al. (2013) used NIR hyperspectral imaging technique in the 900-

1700 nm range for discriminating three types of lamb muscles (Semitendinosus, 

Longissimus Dorsi, and Psoas Major). PCA technique was applied on the hyperspectral 

data and the six most prominent wavelengths (934, 974, 1074, 1141, 1211, and 1308 nm) 

that show variation between lamb muscles were selected. Using these wavelengths, the 

NIR hyperspectral imaging accurately (100%) discriminated the lamb muscles.  

Cho et al. (2013) investigated the feasibility of hyperspectral fluorescence 

imaging applied in 400-700 nm wavelength range to identify the cuticle crack defects on 

cherry tomatoes. Defective cherry tomatoes with existing cracks were harvested from the 

field and used for acquiring fluorescence emission spectra using pushbroom imaging 

system. PCA was applied on the spectra and it was identified that PC1 through PC4 
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loadings had contributed to 99.21% of variation between good and defective areas of 

tomatoes. The wavelengths 503, 670, and 689 nm were determined to be the best 

wavelengths for detection of defective areas on tomato surface. 

Kong et al. (2004) used hyperspectral fluorescence imaging for the detection of 

skin tumors on poultry carcasses. Sixty-five spectral bands were acquired in the visible 

region (425-711 nm) to construct the hypercube. PCA was applied for reducing the 

dimensionality of the data and later fuzzy hierarchy technique was applied for identifying 

the skin tumors on the poultry skin. Fuzzy hierarchy technique in combination with 

hyperspectral imaging system gave 82% accuracy in the detection of the skin tumor 

regions on the carcass skin.  

Cogdill et al. (2004) evaluated the quality of single corn kernels using NIR 

hyperspectral imaging. NIR absorbance spectra were obtained in the wavelength range of 

750-1090 nm and pre-processed using SNV, detrending (DET), MSC, and wavelength 

selection by generic algorithm techniques. PLSR and PCR models were developed using 

Vis-NIR absorbance spectra to analyze the moisture and oil content. Results showed the 

cross validation standard error of 1.20% for moisture and 1.38% for oil content. 

Pierna et al. (2006) used hyperspectral imaging in NIR range to develop a 

procedure to screen compound animal feeds. The SVM model was used to generate 

discriminant equations using hyperspectral images. Classification tree method was used 

to identify the composition of the sample. Higher classification accuracy (99-100%) was 

obtained in classifying the composition of the sample. 



 

48 
 

Zhang H. et al. (2007) used NIR hyperspectral imaging to identify the wheat 

kernels infected with three storage fungi (Aspergillus glaucus group, Aspergillus niger 

van Tieghem, and Penicillium spp.). Hyperspectral images were acquired in the NIR 

range of 1000-1600 nm, PCA was used to reduce data and extract the most useful 

wavelengths. Classification model was developed using SVM and classification 

accuracies of 100.0, 87.2, 92.9 and 99.3% were obtained for identification of healthy, 

Aspergillus glaucus, Aspergillus niger van Tieghem, and Penicillium spp. infected 

samples, respectively. 

Mahesh et al. (2008) used NIR hyperspectral imaging to classify Western 

Canadian wheat classes. NIR reflectance spectra were obtained in the 960-1700 nm 

wavelength range at 10 nm intervals. Statistical and ANN models were developed using 

NIR reflectance spectra and classification accuracies greater than 94% and 90% were 

obtained for statistical and ANN classifiers, respectively. 

Choudhary et al. (2009) identified wheat classes using NIR hyperspectral 

imaging. NIR reflectance spectra were obtained in the wavelength range of 960-1700 nm. 

Wavelet features of the bulk sample images were extracted and used to develop LDA, 

QDA and back-propagation neural network (BPNN) models. Wheat classes were 

classified with accuracy of 99.1% and 92.1% using LDA and BPNN models, 

respectively.  

Singh et al. (2009) used NIR hyperspectral imaging for detection of insect 

infestation in wheat. Hyperspectral images of single wheat kernels healthy and infested 

with Sitophilus oryzae (L.), Rhyzopertha dominica (F.), Cryptolestes ferrugineus 
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(Stephens) were acquired in the wavelength range of 1000-1600 nm. Multivariate image 

analysis (MVI) was used to reduce the dimensions of hyperspectral data. Spectral 

features (statistical and histogram) were used to develop LDA and QDA models. The 

infested and uninfested wheat kernels were identified with classification accuracies in the 

range of 85-100%.  

Williams et al. (2009) classified the maize kernels based on the hardness using 

two IR hyperspectral imaging systems. NIR hyperspectral images were acquired in the 

wavelength range of 960-1662 nm and SWIR hyperspectral images were acquired in the 

wavelength range of 1000-2498 nm. PCA was used to remove the background, bad 

pixels, and shading effects from absorbance images. PLS-DA models were developed 

using PC2 of SWIR hyperspectral images and PC3 of NIR hyperspectral images. The 

developed models gave better differences between glassy and floury endosperms of 

maize kernels. PLS-DA model gave a root mean square error of prediction of 0.18, 0.18, 

and 0.29 for 12-kernel, 24-kernel NIR hyperspectral image, and SWIR image, 

respectively. 

Singh et al. (2010) used NIR hyperspectral imaging and conventional digital 

imaging to identify the midge-damaged wheat kernels. LDA, QDA and Mahalanobis 

models were developed using the statistical and histogram features of color and 

hyperspectral images in the wavelength range of 700-1100 nm. Highest classification 

accuracies of 95.3-99.3% were obtained to classify healthy and midge damaged wheat 

kernels when histogram features were combined with 10 colour image features. 
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Pierna et al. (2012) conducted two separate case studies using a NIR 

hyperspectral imaging system and chemometric techniques for the detection of impurities 

in cereals and contamination of plants by pathogens. For the identification of the 

impurities in cereals, hyperspectral images of wheat, spelt, barley, and rapeseed in 

combination with various impurities like the cellulose waste (wood and straw), animal 

contaminants (insects) and other contaminants (paintings, plastics, and stones) were 

obtained using a pushbroom NIR hyperspectral camera in the 1100-2400 nm spectral 

range. Quadratic SVM algorithm successfully differentiated the contaminants from the 

cereal grains with greater than 92% accuracy. For discriminating the plants into tolerant 

and susceptible classes based on the presence of nematode cysts on the sugar beet plants, 

NIR hyperspectral images of the plant roots with varying numbers of cysts were acquired 

using a whiskbroom NIR hyperspectral camera in the 900-1700 nm range. The spectra 

were pre-processed using SNV and second derivative SG techniques. Out of 40 tolerant 

and 69 susceptible plants whose cysts were identified under a microscope, the NIR 

hyperspectral imaging system with SVM discriminant technique correctly identified 21 

tolerant and 58 susceptible plants.  

The hyperspectral imaging system was successful in qualitative and quantitative 

analysis of various food and agricultural products. Each study used different combination 

of imaging mode, imaging system, imaging wavelength range, and chemometric 

technique. Various applications of hyperspectral imaging for food and agricultural 

products are summarized in the Table 2.1 to 2.3. A separate table (Table 2.4) summarizes 

the applications of hyperspectral imaging system, where models can be applied to the real 

situations directly or with minor modifications. 
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2.6.2 Agriculture and Agricultural Operations 

Hyperspectral imaging was very successful for solving various problems in the 

field of agriculture. This technique was applied for both infield and laboratory studies. 

Various applications of hyperspectral imaging for agriculture and agricultural operations 

both infield and laboratory are summarized in the Table 2.5.  

Changwen et al. (2013) investigated the carbonate content in soil samples using 

FTIR photo-acoustic spectroscopy (FTIR-PAS) in the mid-infrared range (2500-20000 

nm). PCA, PLSR, and generalized regression NN models were developed and tested to 

predict the soil carbonate content. Out of the three chemometric techniques, the 

generalized regression NN gave better prediction of the carbonate content with validation 

error percentage or the root mean square error percentage of 1.21%, determination 

coefficient of 0.899, and ratio of standard deviation to prediction error of 3.83.  

Kemps et al. (2010) investigated the application of Vis-NIR reflectance 

spectroscopy for the assessment of various chemical parameters of grapes during the 

growing season. The Vis-NIR reflectance spectra (320-1660 nm) of the intact grapes of 

four varieties were acquired using a spectrophotometer during the growing season. 

Predictive models were developed using PLSR for the prediction of anthocyanin, 

polyphenol, sugar, and density of the intact grapes. The anthocyanin content remained 

fairly unchanged and hence it was not possible to estimate the anthocyanin content. The 

polyphenols and density were accurately predicted using this technique; however, the 

prediction of sugar content was possible because the grapes also showed variation in the 

colour as they matured.  
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Suzuki et al. (2008) presented a study to determine various chemical properties of 

grass like protein, fibre, calcium, phosphorus, magnesium, and potassium using a 

hyperspectral imaging system in the 360-1010 nm wavelength range. A staring array 

imaging system was used to acquire the images of the grass field in Aomori, Japan. 

Various samples of grass were collected from the same area of imaging for the chemical 

analysis. The MLR, multi-layer NN and PLSR techniques were used to develop the 

prediction models to predict the chemical components of the grass. Based on cross-

validation results, the PLSR model gave the higher accuracy when compared to the MLR 

and multi-layer NN.  

Suzuki et al. (2012) used a hyperspectral imaging system for mapping the spatial 

distribution of plant species or species groups and herbage mass of grass pastures. A field 

scale and a small-scale area scan imaging systems were used to conduct this study. 

Images were acquired in the reflectance mode in the Vis-NIR range of 360-1010 nm. 

LDA was used to classify the three plant species or species groups and PLSR was used to 

estimate the herbage mass of the grass pasture. Using LDA the overall success rate for 

the discrimination of plant species was 91.6% and the herbage mass was accurately 

estimated with an r
2
 of 0.60.  

Pérez-Marín et al. (2009) investigated the ability of spectroscopy for the 

determination of major quality parameters like soluble solids content, flesh firmness, fruit 

weight, and fruit diameter of nectarines using one instrument infield during ripening of 

fruits on tree and another instrument during post-harvest storage. The micro-electro-

mechanical system (MEMS) spectrometer was used in 1600-2400 nm wavelength range 

for the measurement of quality parameters in the field study and a diode-array Vis-NIR 
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spectrophotometer was used in 400-1700 nm range to determine these qualities during 

post-harvest storage. Both instruments gave good precision for the determination of 

soluble solids content (r
2
 of 0.89) and firmness (r

2
 of 0.84-0.86). The diode-array Vis-

NIR spectrophotometer gave good prediction results for the fruit weight (r
2
 of 0.98) and 

diameter (r
2
 of 0.75). 

Gracia and León (2011) investigated the ability of NIR technology for the 

assessment of olive oil and moisture content of olive fruits both on tree infield and in 

laboratory. Prediction models were developed using PLSR separately for each trial. The 

laboratory test gave better results than the infield test. The prediction model accurately 

predicted the oil content with r = 0.89 and moisture content with r
2
 = 0.88. 

Pérez-Marín et al. (2011) evaluated the ability of NIR system for the classification 

of nectarines by their internal quality as a function of the irrigation methods during the 

growing stage and during post-harvest storage period. The study was conducted using 

handheld spectrophotometer infield during ripening of fruits on tree and two instruments 

(handheld spectrophotometer of 1600-2400 nm and diode-array spectrophotometer of 

400-1700 nm) during post-harvest storage. Classification models were developed using 

PLS-DA technique to classify the nectarines. The PLS-DA classification model 

accurately classified the samples with 57-84% accuracy based on the irrigation method 

during the growing period using the handheld instrument infield. Samples were classified 

with 86 and 96% accuracy during the post-harvest storage time using the handheld 

instrument and with 66 and 89% accuracy using the diode-array Vis-NIR 

spectrophotometer. 
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 Vigneau et al. (2011) investigated the use of a hyperspectral imaging system for 

the prediction of leaf nitrogen content in wheat both infield and in a greenhouse. The 

entire study was conduct by acquiring the hyperspectral images of wheat leaves in the 

400-1000 nm range. In the first study, the PLSR model was calibrated to estimate the 

nitrogen content of the flat leaves using the reflectance spectra (r
2
 = 0.903). Later this 

model was used to predict the nitrogen content of the leaves both infield (r
2 

= 0.881) and 

greenhouse (r
2
 = 0.889).
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Table 2.1. Application of exploratory data analysis techniques for hyperspectral data analysis in food and agricultural 

products 

Mode System Wavelength (nm) Product Factor assessed  Chemometrics 

method 

Reference 

Reflectance Pushbroom 1235-2450 Wheat α-amylase activity PCA Xing et al. (2011) 

Reflectance Pushbroom 1000-2500 Cereals Viability PCA McGoverin et al. (2011) 

Reflectance Staring array 1000-1600 Mung Bean Insect damage PCA Kaliramesh et al. (2013) 

Reflectance Pushbroom 400-1000 Apple Bruises PCA Xing et al. (2005) 

Reflectance Pushbroom 900-1700 Apple Bruises PCA Lu (2003) 

Reflectance Pushbroom 450-851 Apple Feces PCA Kim M.S. et al. (2002) 

Reflectance Pushbroom 400-1000 Mushrooms Freeze-damage PCA Gowen et al. (2009) 

Reflectance Pushbroom 900-1700 Cucumber Bruises PCA Ariana et al. (2006) 

Reflectance Pushbroom 447.3-951.2 Cucumber Chilling injuries PCA Cheng et al. (2004) 

Reflectance Staring array 400-1000 Spinach E. Coli PCA Siripatrawan et al. (2011) 

Reflectance Pushbroom 393-710 Tomato Sorting ICA Polder et al. (2003) 

Reflectance Pushbroom 914-1715 Grapes Maturity PCA Rodríguez-Pulido et al. (2013) 

Reflectance Pushbroom 400-2500 Apple Bruises PCA Baranowski et al. (2012) 

Reflectance Pushbroom 900-1700 Pork Grade PCA Barbin et al. (2012) 
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Reflectance Pushbroom 900-1700 Lamb Grade PCA Kamruzzaman et al. (2011) 

Reflectance Pushbroom 900-1700 Ham Grade PCA ElMasry et al. (2011) 

Reflectance Pushbroom 900-1700 Lamb Classification PCA Foca et al. (2013) 

Reflectance Pushbroom 900-1700 Salmon Colour PCA Wu et al. (2012) 

Reflectance Pushbroom 380-1030 Halibut Frozen-thawed PCA Zhu et al. (2013) 

Fluorescence Pushbroom 900-1700 Apple Starch index PCA Noh and Lu (2007) 

Fluorescence Pushbroom 425-774 Cantaloupes and 

Strawberries 

Feces PCA Vargas et al. (2004) 

Fluorescence Pushbroom 425-710 Chicken Skin Tumour PCA Fletcher and Kong (2003) 

Abbreviations- PCA: Principal Component Analysis, ICA: Independent Component Analysis 
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Table 2.2. Application of unsupervised learning techniques for hyperspectral data analysis in food and agricultural products 

Mode System Wavelength (nm) Product Factor assessed  Chemometrics 

method 

Reference 

Reflectance Staring array 1000-1600 Wheat Fungal infection K-means Singh et al. (2007) 

Reflectance Pushbroom 680-980 Apple Firmness Hierarchical evolutionary  

Algorithm 

Huang et al. (2012) 

Reflectance Pushbroom 680-980 Apple Firmness and soluble 

solids content (SSC) 

Hierarchical evolutionary 

 Algorithm 

Huang and Lu (2010) 

Reflectance Pushbroom 400-1000 Pork Quality categories K-means Liu L. et al. (2010) 

Reflectance Pushbroom 430-1000 Pork Quality categories Clustering Qiao et al. (2007) 

Fluorescence Pushbroom 425-711 Chicken Tumor Fuzzy hierarchy Kong ( 2003) 

Transmittance Pushbroom 430-1750 Wheat Fusarium Fuzzy hierarchy Polder et al. (2005) 
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Table 2.3. Application of supervised learning techniques for hyperspectral data analysis in food and agricultural products 

Mode System Wavelength (nm) Product Factor assessed  Chemometrics 

method 

Reference 

Reflectance Staring array 960-1700 Wheat Classes LDA, QDA, ANN Mahesh et al. (2008) 

Reflectance Staring array 1000-1600 Wheat Classes SVM Zhang H. et al. (2007) 

Reflectance Staring array 960-1700 Wheat Fungal infection LDA, QDA, ANN Choudhary et al. (2009) 

Reflectance Staring array 700-1100 Wheat Midge damage LDA, QDA Singh et al. (2010) 

Reflectance Staring array 960-1700 Wheat Classes, moisture content LDA, QDA Mahesh et al. (2011) 

Reflectance Staring array 1000-1600 Wheat Insect damage LDA, QDA Singh et al. (2009) 

Reflectance Pushbroom 1000-2500 Wheat α-amylase content PLSR Xing et al. (2009) 

Reflectance Pushbroom 1235-2450 Wheat α-amylase activity PLSR Xing et al. (2011) 

Reflectance Pushbroom 1000-2500 Cereals Viability PLS-DA McGoverin et al. (2011) 

Reflectance Staring array 1000-1600 Mung bean Insect damage LDA, QDA Kaliramesh et al. (2013) 

Reflectance Staring array 650-1000 Strawberry Firmness, soluble solids MLR Nagata et al. (2005) 

Reflectance Pushbroom 900-1700 Apple Bitter pits PLS-DA Nicolai et al. (2006) 

Reflectance Staring array 450-650 Strawberry Firmness, soluble solids MLR Nagata et al. (2004) 

Reflectance Pushbroom 400-1000 Mushrooms Freeze damage LDA Gowen et al. (2009) 

Reflectance Pushbroom 1100-2400 Beet  Nematodes SVM Pierna et al. (2012) 
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Reflectance Staring array 400-1000 Spinach E. Coli ANN Siripatrawan et al. (2011) 

Reflectance Pushbroom 408-1117 Kiwi fruit Bruises SVM Lü and Tang (2012) 

Reflectance Pushbroom 400-1000 Banana Moisture MLR, PLSR Rajkumar et al. (2012) 

Reflectance Pushbroom 900-1700 Pork Total viable count (TVC) PLSR Barbin et al. (2013) 

Reflectance Pushbroom 900-1700 Chicken fillet TVC PLSR Feng and Sun (2012) 

Reflectance Pushbroom 900-1700 Turkey Colour, pH PLSR Iqbal et al. (2013) 

Fluorescence Pushbroom 400-1000 Apple Firmness, SSC, TA ANN Noh and Lu (2005) 

Fluorescence Pushbroom 500-1040 Apple Colour, firmness, SSC, 

Starch, TA 

MLR Noh et al. (2007) 

Fluorescence Pushbroom 900-1700 Apple Starch index ANN Noh and Lu (2007) 

Fluorescence Pushbroom 425-710 Chicken Skin tumour SVM Fletcher and Kong (2003) 

Transmittance Staring array 750-1090 Maize Moisture, oil content PLSR, PCR Cogdill et al. (2004) 

Transmittance/ 

Reflectance 

Pushbroom 900-1700 Potato Hollow heart detection SVM Dacal-Nieto et al. (2011) 

Interactance Pushbroom 760-1040 Pork Fat PLSR O'Farrell et al. (2010) 

Interactance Pushbroom 760-1040 Beef Fat PLSR Wold J.P. et al. (2011) 

Abbreviations- LDA: Linear Discriminant Analysis, QDA: Quadratic Discriminant Analysis, ANN: Artificial Neural Network, SVM: Support Vector Machine, 

PLSR: Partial Least Square Regression, PLS-DA: Partial Least Square Discriminant Analysis, MLR: Multi Linear Regression  
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Table 2.4. Application of hyperspectral imaging technique for the real situation problems of food and agricultural products 

Mode System Wavelength (nm) Product Factor assessed  Chemometrics 

method 

Reference 

Reflectance Pushbroom 400-1000 Cucumber Colour PCA Ariana and Lu (2010) 

Reflectance Pushbroom 900-1700 Lamb Adulteration PCA Kamruzzaman et al. 

(2013) 

Reflectance Pushbroom 400-1000 Wheat Fusarium PCA Bauriegel et al. (2011) 

Reflectance Pushbroom 1000-2498 Maize Hardness PCA Williams et al. (2009) 

Reflectance Pushbroom 400-1000 packaging 

films for 

spinach 

Shelf-life PCA Lara et al. (2013) 

Reflectance 

 

Staring array 450-980 Apple Total soluble solids, 

titrable acidity, 

firmness, chlorophyll, 

ascorbic acid, 

carotenoids 

PCA, PLSR Beghi et al. (2013) 

Reflectance Staring array 1100-2500 Ground meat Fat, moisture content, 

protein 

PCA, PLSR Tøgersen et al. (2003) 
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Reflectance Staring array 400-1700 Ground beef Fat content PLSR Anderson and Walker 

(2003) 

Reflectance  Staring array 308-1704 Semolina 

pasta 

Moisture content PLSR De Temmerman et al. 

(2007) 

Reflectance Pushbroom 500-1000 Blueberry Firmness PLSR Leiva-Valenzuela et al. 

(2012) 

Reflectance Pushbroom 500-1000 Apple Firmness PLSR Mendoza et al. (2011) 

Reflectance Pushbroom 914-1715 Grape seed Maturity PLSR Rodríguez-Pulido et al. 

(2013) 

Reflectance Pushbroom 900-1700 Beef Colour, pH, tenderness PLSR ElMasry et al. (2012b) 

Reflectance Pushbroom 900-1700 Lamb Water PLSR Kamruzzaman et al. 

(2012) 

Reflectance Whiskbroom 1100-2500 Cereals Detecting impurities SVM Pierna et al. (2012) 

Absorbance Staring array 300-1100 Goatfish Freeze damage PLS-DA Ottavian et al. (2014) 

Absorbance Pushbroom 770-1070 Apple Sugar Content PCA, ANN Steinmetz et al. (1999) 

Absorbance Staring array 1440-1810 Ground meat Fat, water, protein MLR Tøgersen et al. (1999) 

       

Fluorescence Pushbroom 421-700 Various Biofilm on surface PCA Jun et al. (2010) 
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surface 

materials 

materials 

Fluorescence Pushbroom 400-700 Tomato Defects PCA Cho et al. (2013) 

Fluorescence Pushbroom 425-710 Chicken Tumor Fuzzy hierarchy Kong et al. (2004) 

Fluorescence Pushbroom 425-710 Chicken Tumour LDA Kim T. et al. (2010) 

Transmittance Pushbroom 750-2500 Olive oils Acidity value, 

Bitterness, Oleic fatty 

acid, Linoleic fatty acid 

PLSR Marquez et al. (2005) 

Transmittance/ 

Reflectance 

Pushbroom 450-1000 Cucumber Firmness, colour, 

internal defects 

PLS-DA Lu and Ariana (2013) 

Interactance Pushbroom 306-1150 Stonefruit Total soluble solids PLSR Golic and Walsh (2006) 

Interactance Pushbroom 820-1040 Vacuum 

packed ham 

Water, Fat, Salt PLSR Gou et al. (2013) 

Abbreviations- PCA: Principal Component Analysis, PLSR: Partial Least Square Regression, SVM: Support Vector Machine, PLS-DA: Partial Least Square 

Discriminant Analysis, MLR: Multi Linear Regression, LDA: Linear Discriminant Analysis 
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Table 2.5. Application of hyperspectral imaging technique for infield and other agricultural operations  

Mode System Wavelength (nm) Product Factor assessed  Chemometrics 

method 

Reference 

Reflectance  Staring array 320-1660 Intact grapes Anthocyanin, 

Polyphenol, Sugar, 

Density 

PLSR Kemps et al. (2010) 

Reflectance  Staring array 2500-20000 Soil Carbonate content PCA, ANN Changwen et al. (2013) 

Reflectance Pushbroom 360-1010 Grass Protein, Fibre, 

Calcium, Phosphorus, 

Magnesium, Potassium  

MLR, MLNN, PLSR Suzuki et al. (2008c) 

Reflectance Pushbroom 360-1010 Grass Total digestible 

nutrients, Crude protein 

MLR Suzuki et al. (2008b) 

Reflectance  Pushbroom 369-1042 Citrus tree Identify fruits LDA Okamoto and Lee (2009) 

Reflectance  Staring array 430-830 Wheat field Stress mapping PCA Lelong et al. (1998) 

Reflectance Pushbroom 360-1010 Soybean field Weed detection PCA, LDA, ANN Suzuki et al. (2008a) 

Reflectance Pushbroom 360-1010 Grass pasture Spatial distribution 

of species group, 

herbage mass 

LDA Suzuki et al. (2012) 
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Reflectance  Staring array 1600-2400/ 

400-1700 

Nectarines Soluble solids 

content, Flesh 

firmness, Fruit weight, 

and Diameter 

MPLSR Pérez-Marín et al. (2009) 

Reflectance Staring array 400-1700 Nectarines Irrigation effect on 

storage 

PLS-DA Pérez-Marín et al. (2011) 

Reflectance Pushbroom 400-1100 Wheat Leaf nitrogen content PLSR Vigneau et al. (2011) 

Absorbance/ 

Reflectance 

Pushbroom 400-1690 

 

Compound 

feed 

Protein, Fibre, 

Sunflower meal, 

Mineral-vitamin 

premix 

MPLSR Fernández-Ahumada et al. 

(2008) 

Absorbance Staring array 1100-2300 Olive fruits Oil content, Moisture 

content 

PLSR Gracia and León (2011) 

Transmittance Staring array 400-1100 Apple Fruit flesh firmness and 

Soluble solids content 

PLS-DA Zude et al. (2006) 

Abbreviations- PLSR: Partial Least Square Regression, PCA: Principal Component Analysis, ANN: Artificial Neural Network, MLR: Multi Linear Regression, 

MLNN: Multi-Layer Neural Network, LDA: Linear Discriminant Analysis, MPLSR: Modified Partial Least Square Regression, PLS-DA: Partial Least Square 

Discriminant Analysis 
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3. DOCKAGE AND FOREIGN MATERIALS IN CEREALS 

This section outlines the definitions, differences, and types of dockage and foreign 

materials in stored cereals.  

3.1 Foreign Materials, Dockage, and Animal Excreta in Stored Cereals 

In cereal grain terms, providing clean grain not only means grain without damage 

(fungal, insect and mechanical damage) but also without foreign materials. Harvesting 

methods and post-harvest practices leave the grain contaminated with other contaminants 

like sticks, stones, chaff and other minor plant particles (Ogunlowo and Adesuyi, 1999). 

After harvesting, grain is threshed to loosen the edible grains part off the plant, and it 

finally gives grain mixed with chaff, small fragments of spikes, stalks, and leaves 

(Simonyan and Yiljep, 2008) considered as dockage. Dockage is defined under the 

Canada Grain Act as ―any material intermixed with a parcel of grain, other than kernels 

of grain of a standard of quality fixed by or under this Act for a grade of that grain, that 

must and can be separated from the parcel of grain before that grade can be assigned to 

the grain‖ (CGA, 1985). Improper cleaning of rail cars and storage elevators allow the 

contamination of cereals with foreign grains. Any material in grains other than dockage is 

considered as foreign materials. The presence of dockage and foreign materials in cereals 

has a considerable impact on quality, and finally affecting the economic returns. 

Typically, dockage holds more moisture than cereal grain; hence presence of high levels 

of dockage may heat up the grain faster resulting in formation of a hot spot. Hot spots in 

grain are caused by respiration of the moist grain or insect infestation or mould infection. 
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Any objectionable matter contributed by animals like rodents, birds, insects and other 

potential animals that contaminate the food grains are considered to be filth (Dogan, 

Subramanyam, and Pedersen, 2010). The problem due to animal excreta is more 

persistent during the years with prolonged harvest and grain lying in swathes, areas with 

high wildlife population, and locations with large amounts of grains stored on the ground.  

3.2 Foreign Materials, Dockage, and Animal Excreta in Wheat 

According to CGC, dockage and foreign materials are the two undesirable 

components physically present in the harvested grain bulk (CGC, 2013). Foreign material 

is any material other than grain of same class that is left in the sample after the removal 

of dockage. In wheat, any other cereal grain types (barley, oats, rye, and maize), non-

cereal grain types (soybean, wild mustard, canola, and flaxseed) and non-grain materials 

(animal excreta, earth pellets, and fertilizer pellets) are considered as foreign materials. 

Other materials like wheat spikelets, chaff, wild oats, broken grain, wild buckwheat, and 

stones could be foreign material and also could be considered as dockage. Sometimes 

earth pellets, stones, wild mustard, flaxseed, soybean, and animal excreta are included in 

dockage as they are very rarely present. In this study, six dockage types (broken grain, 

buckwheat, chaff, stones, wheat spikelets, wild oats), seven foreign materials (barley, 

canola, corn, flaxseed, oats, rye, soybean), and two animal excreta (rabbit droppings and 

deer droppings) were used, with CWRS wheat as the main grain type. 
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4. MATERIALS AND METHODS 

This section provides details about experimental design, experimental samples, 

hyperspectral imaging system, hyperspectral data acquisition, spectral pre-processing 

techniques, and classification model development. 

4.1 Experimental Design 

The present project was conducted with an aim to differentiate the foreign 

materials, dockage, and animal excreta particles from the wheat kernels. The entire study 

was divided into three sections based on the sample types: foreign materials (represented 

by non-wheat grain types) in wheat, dockage in wheat, and animal excreta in wheat 

(Table 4.1).  

Table 4.1. Design of experiments and samples 

Sample type 1 Sample type 2 Sample type 3 

Foreign grains in wheat Dockage in wheat Animal excreta in wheat 

Wheat (main grain) Wheat (main grain) Wheat (main grain) 

Barley  Broken wheat kernels  Rabbit droppings 

Canola Buckwheat Deer droppings 

Maize Chaff  

Flaxseed Wheat spikelets  

Oats Stones  

Rye Wild oats  

Soybean   
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For the first three objectives, spectral signature of each contaminant type and 

wheat were developed using hyperspectral imaging system in the NIR range (1000-1600 

nm). Five spectral pre-processing techniques were used to pre-process the spectral 

signature of each contaminant type and wheat. Three statistical classifies were used to 

classify the wheat from different contaminant types. The spectral pre-processing 

techniques and statistical classifiers used in the study are given in Table 4.2.  

Table 4.2. Spectral pre-processing techniques and statistical classifiers used in the 

study 

Serial 

Number 

Spectral pre-processing technique 

1 First derivative  

2 Second derivative 

3 Savitzky-Golay smoothing and differentiation  

4 Multiplicative scatter correction 

5 Standard normal variate 

Serial 

Number 

Statistical classifiers 

1 Support Vector Machines  

2 Naïve Bayes 

3 k-Nearest Neighbors 

Different combinations of spectral pre-processing techniques and statistical 

classifiers were evaluated to identify the best combination to classify these contaminant 

types from wheat. After identifying the best combination of spectral pre-processing 

technique and statistical classifier, it is very important to assess the ability of the 
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developed model to predict the undefined or unknown data set, which was not used in the 

model development either as a training set or a testing set. These undefined samples for 

the performance evaluation study were randomly selected (not cross-validated) 

contaminant and grain kernels that were not used in the model development. In this way 

the robustness of the model to work on new samples was tested. The last two objectives 

of the study were conducted to evaluate the performance of the developed spectral library 

for each contaminant type and wheat and the model (best spectral pre-processing 

technique and statistical classifier) to identify the presence of contaminant types along 

with wheat, and to quantify (by number) the amount of each contaminant type present 

along with wheat.  

This study was divided into two experiments based on the objectives to accurately 

identify and quantify (by number) the amount of the non-touching contaminant particles 

present along with wheat.  To maintain the consistency with the first three objectives of 

the study, the last two objectives were separately conducted for three sample types: 

foreign materials (represented by non-wheat grain types) in wheat, dockage in wheat, and 

animal excreta in wheat. For the fourth objective of the study, the ability of the developed 

classification model in identifying the presence of the contaminant types in wheat was 

tested. Initially at the lowest degree of contamination the model was tested to identify 

individual contaminant type present along with wheat on the same spatial plane and later 

the degree of contamination was increased by adding more contaminant types to the 

wheat on the same spatial plane. The acquired hyperspectral images were ranging from 

the least possible degree of contamination with wheat and one contaminant type to the 

largest possible degree of contamination with wheat and all contamination types. The 
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‗combination without repetition‘ mathematical technique was used to design the 

experiments for each sample type and is shown in Table 4.3.  

 

Table 4.3. Experimental design to identify the presence of contaminant type present 

with wheat 

First degree Second degree  n
th

 degree 

F1* W**
 

F1 F2 W F2 F3 W F3 F4 W F4 F5 W F5 F6 W … F1 F2 F3 F4 F5..Fn W 

F2 W F1 F3 W F2 F4 W F3 F5 W F4 F6 W    

F3 W F1 F4 W F2 F5 W F3 F6 W     

F4 W F1 F5 W F2 F6 W      

F5 W F1 F6 W       

Fn W        

*different contaminant types, **wheat 

With this experimental design, seven foreign material types in wheat generated 

127 combinations, with the two-way and eight-way classifications as the lowest and the 

highest degree of contaminations, respectively. Six dockage types in wheat generated 63 

combinations, with the two-way and seven-way classifications as the lowest and the 

highest degree of contaminations, respectively. Two excreta types in wheat generated 3 

combinations, with the two-way and three-way classifications as the lowest and the 

highest degree of contaminations, respectively. All the combinations were replicated 10 

times to test the robustness of the classification model. 
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For the fifth objective of the study, 25 non-touching contaminant particles or 

wheat kernels were placed in the field of view (FOV) of the hyperspectral imaging 

system (Fig. 4.1).  

 

Fig. 4.1. Wheat kernels arrangement model in the field of view of the NIR 

hyperspectral imaging system 

Quantity analysis experiments were conducted by replacing the individual wheat 

kernels with contaminant particles. For each contaminant type the number wheat kernels 

replaced were 0, 1, 2, 3, 4, and 5 which was equal to 0, 4, 8, 12, 16, and 20 percentage 

contamination (by number), respectively. All the quantity experiments were replicated 10 

times (250 kernels were tested for each contamination level) to test the robustness of the 

classification model. Both performance evaluation (identification and quantification) 

experiment results were compared with the model validation results using Student‘s t-test 

at 5% level of significance.  
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4.2 Experimental Samples 

The grain, dockage, and animal excreta samples used in this study were received 

from different organizations. The grain and dockage samples were provided by the 

Canadian Grain Commission (CGC), Winnipeg, Manitoba, Canada. The Industry 

Services Division of CGC collected composite CWRS wheat samples from a Cargill Ltd. 

grain elevator (grain handling facility) in Manitoba. The grain elevator mixes wheat 

grown in an area within a 200 km radius. The Grain Research Laboratory at CGC cleaned 

the samples according to the Canadian grain cleaning standards into clean grain and 

dockage fractions. Different components after cleaning were clean CWRS wheat and six 

dockage fractions: broken wheat kernels, buckwheat, chaff, wheat spikelets, stones, and 

wild oats. The Industry Services Division of CGC also supplied the seven cleaned foreign 

material types: barley (Canadian Western Malting, six row), canola (NEX4-105RR), 

maize (Pioneer 3995), flaxseed (Canadian Western, CDC Bethune), oats (AC Pinnacle), 

rye (mixed varieties), and soybean (OAC Ayton). The two animal excreta samples: field 

rabbit droppings and mule deer droppings were provided by Conservation and Research 

Division, Assiniboine Park Zoo, Winnipeg. The moisture content of grain is the most 

prominent chemical component that can be detected in the NIR reflectance spectra 

(Achata et al., 2015; Kaliramesh et al., 2014; Senthilkumar et al., 2012; Mahesh et al., 

2011). When sample moisture content variation is not uniform, these variations can be 

easily detected in their reflectance spectra. To avoid the effect of foreign materials 

moisture content in the classification of contaminants from wheat, the moisture content of 

all the foreign material types and wheat was maintained very close (13.0±0.8% wet basis) 

during the entire study period and was measured by the hot air oven method (ASABE, 
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2012). The image acquisition time for each sample was approximately 2 min. The 

moisture content analysis was conducted using preliminary samples before and after 

imaging acquisition to see if the exposure of the foreign materials and wheat kernels to 

the illumination system changed the moisture content of the sample. It was found that 

there was no change in sample moisture content during image acquisition.   

4.3 Hyperspectral Imaging System 

The hyperspectral imaging system described by Ravikanth et al. (2015), Mahesh 

et al. (2011), and Singh et al. (2010) was used in this study (Fig. 4.2). It is described 

briefly here to enhance readability of this thesis. This hyperspectral imaging system 

works in the NIR range and consisted of an InGaAs camera, sample stage, illumination 

system, and data processing unit. A long wave NIR camera (SU640-1.7RT-D, Sensors 

Unlimited Inc., Princeton, NJ) with a pitch of 27 µm and resolution of 640 × 480 pixels 

was used to produce 12-bit multispectral images in the NIR range (960-1700 nm). The 

camera was assembled with a 25 mm C-mount lens (L25F1.3, Electrophysics Corp., 

Fairfield, NJ) and two VariSpec liquid crystal tunable filters (LCTFs) (MIR06, 

Cambridge Research and Instrumentation Inc., Woburn, MA) having a 10 nm 

transmission bandwidth and 20 mm aperture size. The LCTFs helped to rapidly change 

the imaging wavelengths in the NIR range. For image acquisition a frame grabber board 

(NI PCI-1422, National Instruments Corp., Austin, TX) suitable to grab the signal 

produced by the NIR camera was used. The illumination for the image acquisition was 

provided by two halogen lamps each of 300 W (Ushio Lighting Inc., Cypress, CA) which 

can emit light in the 400-2500 nm wavelength range, arranged at a 45° angle and at a 

distance of 50 cm on both sides of the imaging area. The entire imaging system was 
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controlled through a personal computer (Dell Optiplex GX280, Dell Inc., Round Rock, 

TX) with a Windows 7 operating system and Intel processor.  

 

 

 

 

Fig. 4.2. Near-infrared hyperspectral imaging system (1) Camera stand (2) Near-

infrared camera (3) Liquid crystal tunable filters (4) Tungsten-Halogen lamps (5) 

Data processing system 

4.4 Hyperspectral Imaging System Calibration 

The NIR hyperspectral imaging system was calibrated before every imaging 

session using the procedure similar to described by Martens and Naes (1992). Spatial 

calibration of pixels was performed to ensure that spatial size of each pixel was constant 

during the entire study period by acquiring the hyperspectral image of a 5 cent Canadian 
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coin of known diameter (21.2 mm). The coin diameter in pixels was measured and 

confirmed that it was constant for all imaging sessions. 

The InGaAs camera used in this study had a wavelength-dependent dark current 

or leakage current. The dark images were acquired before every imaging session by 

closing the camera opening with a dark card board. The NIR relative reflectance of pixels 

at all the image slices in a NIR hypercube was calculated using dark current image and 

reference standard. Reference standard used was a 99% reflectance white standard plate 

(Labsphere, North Sutton, NH). Relative reflectance (dimensionless quantity) of NIR 

hypercube was calculated using the following equation (Mahesh et al., 2010): 

𝑅𝑒𝑙𝑎𝑡𝑖𝑣𝑒 𝑟𝑒𝑓𝑙𝑒𝑐𝑡𝑎𝑛𝑐𝑒 =
𝑟𝑎𝑤 𝑢𝑛𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑒𝑑 𝑖𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦 − 𝑖𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦 𝑜𝑓 𝑑𝑎𝑟𝑘 𝑐𝑢𝑟𝑟𝑒𝑛𝑡

𝑖𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦 𝑜𝑓 𝑟𝑒𝑓𝑙𝑒𝑐𝑡𝑎𝑛𝑐𝑒 𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑 − 𝑖𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦 𝑜𝑓 𝑑𝑎𝑟𝑘 𝑐𝑢𝑟𝑟𝑒𝑛𝑡
 

4.5 Hyperspectral Image Acquisition and Analysis 

The LabView data acquisition platform (Version 1, National Instruments, Austin, 

TX, USA) was installed to assist the hyperspectral camera to collect and store the NIR 

hyperspectral data in binary files. Spectral signature of the foreign material, dockage, 

animal excreta, and wheat sample was developed by acquiring images in 1000-1600 nm 

wavelength range at every 10 nm increment. The camera was adjusted to the centre 

wavelength (1300 nm) and three hundred randomly selected particles from each sample 

type were used for the spectral signature development. Six randomly selected particles of 

each contaminant type or wheat were placed on a black cardboard in non-touching 

manner and images were acquired to build a hypercube with 61 images in each 

hypercube. A total of 4800 individual sample particles (300 kernels × 16 sample types) 

were imaged to build 800 hypercubes (50 hypercubes × 16 sample types). For both the 
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identification and quantification experiment, contaminant particles and wheat kernels 

were placed in a non-touching manner on a black cardboard and hypercubes were built by 

acquiring 61 images in the 1000-1600 nm wavelength range. For the identification 

experiment, a total of 1930 hypercubes (193 combinations × 10 replicates) and for the 

quantification experiment, a total of 960 hypercubes (16 contaminant types × 6 

contamination levels × 10 replicates) were built. 

For the spectral signature development, two dimensional images (width and 

height) were arranged along the third dimension (wavelength) to develop three 

dimensional hypercubes, which were saved as .spc files. An algorithm written in 

MATLAB (8.1, Mathworks Inc., Natick, MA, USA) software read these .spc files, and 

processed each individual matrix format image of a hypercube. The algorithm removed 

the insensitive pixels in each image and performed image processing operations like 

thresholding, labeling, and background separation (Figure 4.3).  
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Fig. 4.3. Six non-touching wheat kernels image at 1000 nm wavelength after labeling 

each kernel with different colors 

The intensity data of each sample were converted to the reflectance data and 

saved in a two dimensional (300 particles × 61 wavelengths) matrix which contained 

reflectance data (mean of all pixels covered by the each particle) of each particle at all the 

61 wavelengths. For the identification, and quantification experiments, the algorithm 

followed all the hypercube processing steps including, spectral signature development, 

conversion of  the intensity data to reflectance data and arrangement of  them in a two 

dimensional matrix (number of particles on the 2D plane × 61 wavelengths). These steps 

resulted in reflectance data (mean of all pixels covered by each particle) at all the 61 

wavelengths.  

100 200 300 400

100

200

300

400

500

600



 

78 
 

4.6 Spectral Pre-Processing Techniques 

Three derivative (first, second, and SG smoothing and differentiation) and two 

scatter correction (MSC and SNV) spectral pre-processing techniques were tested to 

identify the best performing spectral pre-processing technique that can assist in correcting 

the spectra and accurately classifying contaminant types from wheat. The first and second 

derivative techniques were generated as the finite differences of the spectra and were 

used in this study with an aim to remove additive and multiplicative effects in the spectra 

and to improve the resolution of the spectra. Although these techniques cannot remove 

the noise associated with the spectra, they are simple and are effective in removing 

baseline and linear trends in the spectra. The first-order derivative of the spectra was 

estimated by calculating the difference between spectral values at two consecutive 

wavelengths. The second-order derivative of the spectra was estimated by calculating the 

difference between spectral values at two consecutive points of the first derivative. The 

SG smoothing and differentiation is the calculation of finite differences of the spectra 

added with an advantage to increase the signal-to-noise ratio of the spectra. This 

technique provides an advantage of removing the linear trend, baselines, and reducing the 

associated noises.  

In this study we used only smoothing and noise reduction properties and did not 

compute any derivatives (derivative order 0) using the SG technique. The SG smoothing 

and differentiation technique was applied by estimating the second degree polynomial 

using fifteen points (window size) and zero derivative order. The MSC was used as a 

multivariate linearity transformation technique and later applied as both scatter correction 

and linearization technique for the NIR reflectance spectra. The SNV is a spectral scatter 
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correction technique which removes the multiplicative interferences and scatters that are 

generated by particles of the sample. All the spectral pre-processing algorithms were 

written using MATLAB software. 

4.7 Machine Learning Techniques 

Three statistical classification techniques (NB, SVM, and k-NN) were used in this 

study and the algorithms were developed using MATLAB software. The naive Bayes 

classifier with ‗Gaussian (normal) kernel distribution‘ was used in this study. Classifier 

with this kernel distribution estimates a separate normal distribution for each class by 

computing the mean and standard deviation of the training data in that class. The ‗prior 

probabilities‘ of the Bayesian statistical classifier used in this study were ‗empirical‘, 

where the classifier estimated the prior probabilities from the relative frequencies of the 

all classes in the training set. The bandwidth of the kernel smoothing window in this 

study was generated automatically for each combination of class and feature by applying 

the value that was most suitable for the normal distribution.  

The Naive Bayes classifier is generally used for the predictors that are 

independent of one another within each class. This classifier also works well in 

conditions when the independent predictor assumption is not true (Anonymous, 2014). 

Decision in Naive Bayes classifier is made by assuming that the availability or non-

availability of a particular feature is always unrelated to the availability or non-

availability of any other feature of a class. It considers that these individual features 

contribute to the probabilistic theory to judge whether the sample should be categorized 

to a particular class or not. Due to this special character of the Naive Bayes classifier one 
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can use it for classification without believing in Bayesian probability or using any 

Bayesian methods. The Naive Bayes classifier had performed very well in solving 

various real world problems using hyperspectral imaging despite its speculation that all 

the features are independent. With respect to the spectral data, where we have a large 

number of predictors, the Naive Bayes classifier is very effective in accurately classifying 

data set.  

For support vector machine classifier, the parameters used were from the LibSVM 

toolbox (Cheng and Lin, 2011). The SVM algorithm was a regularized support vector 

classification (standard algorithm) and the kernel type was the radial basis (Gaussian) 

function. The radius of the Gaussian function (gamma) was 1/number of features. The 

cost of constraint violation (C) value which is the regularization parameter for the 

Gaussian kernel or in a clear sense which defines the trade-off between the training error 

and the margin of the SVM was taken as 1. The set tolerance of the termination criterion 

(ε) was set at 0.001. These parameters were selected keeping in mind that the 

experimental data set was large and linearly inseparable. 

The k-NN classifier is a non-parametric technique, which assumes that there are 

no statistical distributions associated with the data of each class. Due to this assumption 

the k-NN predicts the class of the new sample in a test set based on the number of nearest 

neighbors. This number is generally defined as k value. Determination of the appropriate 

k value is of extreme importance and is dependent on the training set. Changing of a few 

data points in the training set or the failure to provide appropriate k value may reduce the 

model performance. There are various techniques proposed in the past for the 

determination of the appropriate k value. Duda et al. (2001) proposed the most simple and 
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popular method as the k value being equal to the square root of the number of instances. 

The k-folds, cross-validation, leave-one-out cross-validation, bootstrapping, and Monte 

Carlo cross-validation were also used in the past to determine the appropriate k value. 

Although these techniques improve the classification accuracy, they take extended 

processing time and processor capacity for the execution. In the present study, we used 

the technique proposed by Duda et al. (2001) for the determination of appropriate k value.   

All the three classification algorithms randomly divided each spectral data set 

(300 sample particles) into a training set (240 kernels or 80%) and testing set (60 kernels 

or 20%). The algorithm also generated the labels for the training and testing sets. Two-

way and multi-way classifications of contaminants from wheat were performed for all the 

data (one raw reflectance and five pre-processed) sets. Each classification was conducted 

twenty times (twenty different training and testing sets) independently; mean accuracies 

and confidence intervals were reported in the results. For the identification experiment, 

the classification using k-NN classifier was performed as multi-way classification, but for 

the quantification experiment, the classification was performed as two-way classification 

based on the type of contaminant in wheat. Each classification was performed in ten 

replicates (using 10 hypercubes) and the mean classification accuracy and confidence 

intervals were reported. 
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5. RESULTS AND DISCUSSION 

This chapter provides complete details about experimental results and discussion 

of the classification model development and performance evaluation of the developed 

classification model.  

5.1 Development of Classification Models 

5.1.1 Classification of foreign materials from wheat 

The raw NIR reflectance spectra of seven foreign material types and wheat 

acquired in the 1000-1600 nm range are shown in the Fig. 5.1. 

 

Fig. 5.1. Raw near-infrared reflectance spectra of seven foreign material types and 

wheat 
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5.1.1.1 Two-way classification 

The mean and confidence intervals of the classification accuracies obtained using 

two-way classification models based on the raw NIR reflectance spectra and pre-

processed NIR reflectance spectra to classify each of the foreign material types from 

wheat using SVM, NB, and k-NN classifiers are given in Table 5.1.
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Table 5.1. Two-way classification accuracy (mean ± confidence interval, %) of each foreign material type from wheat using 

different spectral pre-processing and statistical classification techniques 

Spectral pre-

processing technique 

Statistical 

classifier 

Barley  

vs 

Wheat 

Canola  

vs 

Wheat 

Maize  

vs 

Wheat 

Flaxseed  

vs 

Wheat 

Oats  

vs 

Wheat 

Rye  

vs 

Wheat 

Soybean  

vs 

Wheat 

Raw near-infrared 

reflectance spectra  

SVM 98.9±0.5 99.7±0.8 91.7±0.8 96.3±0.5 97.3±0.5 93.4±0.8 81.0±1.2 

NB 99.1±0.4 97.1±0.7 84.5±0.9 77.9±1.5 96.7±0.6 93.4±0.8 78.0±1.3 

k-NN 99.3±0.3 100.0±0.1 96.0±0.6 99.4±0.4 97.9±0.4 94.2±0.9 98.1±0.8 

First derivative SVM 52.4±0.5 52.4±0.6 98.3±0.4 52.7±0.8 52.3±1.7 52.7±0.7 51.9±1.2 

NB 98.9±0.4 100.0±0.0 96.8±0.4 99.0±0.4 98.0±0.5 96.5±1.0 98.3±0.5 

k-NN 100.0±0.0 99.8±0.2 100.0±0.0 99.8±0.2 100.0±0.0 99.8±0.2 99.9±0.1 

Second derivative SVM 98.5±0.3 51.2±0.6 52.3±1.0 52.5±1.0 52.8±0.7 53.0±0.7 52.2±0.8 

NB 98.4±0.6 99.4±0.3 97.0±0.8 99.3±0.3 98.5±0.4 99.2±0.3 99.3±0.4 

k-NN 99.9±0.1 99.7±0.2 100.0±0.0 99.8±0.2 99.5±0.2 99.9±0.1 100.0±0.0 

SG smoothing and 

derivative 

SVM 98.9±0.2 100.0±0.1 90.4±1.3 96.3±0.7 97.2±0.5 93.8±0.8 82.0±1.0 

NB 99.3±0.3 97.7±0.4 84.3±0.4 78.4±1.0 97.1±0.6 92.7±0.9 81.6±1.4 

k-NN 99.9±0.1 100.0±0.0 95.4±0.5 99.2±0.3 98.5±0.2 92.2±0.7 98.6±0.5 

MSC SVM 100.0±0.0 100.0±0.0 99.5±0.3 100.0±0.0 98.3±1.2 100.0±0.0 100.0±0.0 

NB 98.0±0.7 100.0±0.0 100.0±0.0 100.0±0.0 98.5±1.1 100.0±0.0 100.0±0.0 

k-NN 98.3±0.7 100.0±0.0 100.0±0.0 100.0±0.0 100.0±0.0 100.0±0.0 100.0±0.0 
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SNV SVM 99.4±0.2 100.0±0.0 100.0±0.1 100.0±0.0 100.0±0.0 100.0±0.1 100.0±0.0 

NB 93.9±0.9 100.0±0.0 95.5±1.0 100.0±0.0 98.2±0.5 84.2±1.1 99.8±0.2 

k-NN 100.0±0.0 100.0±0.0 99.6±0.1 100.0±0.0 100.0±0.0 99.7±0.2 100.0±0.0 

Abbreviations- NIR: Near-Infrared, SG: Savitzky-Golay, MSC: Multiplicative Scatter Correction, SNV: Standard Normal Variate, SVM: Support Vector 

Machines, NB: Naïve Bayes, and k-NN: k-Nearest Neighbor
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Using the raw NIR reflectance spectra without applying any pre-processing, the 

SVM classifier gave the highest classification accuracy (99.7±0.8%) for classifying 

canola from wheat and the lowest classification accuracy (81.0±1.2%) for classifying 

soybean from wheat. The k-NN classifier gave the highest classification accuracy 

(100.0±0.1%) for classifying canola from wheat and the lowest classification accuracy 

(94.2±0.9%) for classifying rye from wheat. The NB classifier performed weaker than the 

other two classifiers, with the highest accuracy (99.1±0.4%) for classifying barley from 

wheat and the lowest accuracy (77.9±1.5%) for classifying flaxseed from wheat. 

Serranti et al. (2013) conducted an experiment to classify groat kernels (hulled 

kernels of cereal grains) and oats using NIR hyperspectral imaging system in the 880-

1720 nm wavelength range and 7 nm resolution. The acquired spectra were pre-processed 

using different spectral pre-processing techniques like the SNV, detrending, first 

derivatives, second derivatives, SG methods, and generalized least squares weighting 

(GLSW) techniques. Among all the pre-processing techniques GLSW was selected as 

this technique reduced the within-class variance as much as possible without reducing the 

between-class variance. The classification accuracy of groats and oat kernels was 97.1 

and 99.0%, respectively using PLS-DA classifier. In the present study, the classification 

accuracy of wheat and oats using raw NIR reflectance spectra was greater than 

96.4±0.5% using any of the three classifiers, which was close to the results of Serranti et 

al. (2013). The classification accuracy improved to 100.0±0.0% when the spectra were 

pre-processed using scatter correction techniques like MSC and SNV and classified using 

k-NN classifier. 
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The raw NIR reflectance spectra of each foreign material type and wheat when 

pre-processed using the first derivative technique (Fig. 5.2) and classified using SVM 

classifier gave reduced classification accuracies when compared to the raw NIR data, 

with the highest accuracy (98.3±0.4%) for classifying maize from wheat and the lowest 

accuracy (51.9±1.2%) for classifying soybean from wheat. The NB classifier perfectly 

classified (100.0±0.0%) canola from wheat and gave the lowest accuracy (96.5±1.0%) 

when classifying rye from wheat. The k-NN classifier perfectly classified (100.0±0.0%) 

barley, maize, and oats from wheat and near perfectly classified soybean (99.9±0.1%), 

canola, flaxseeds, and rye (99.8±0.2).  

  

 

Fig. 5.2. First derivative near-infrared reflectance spectra of seven foreign material 

types and wheat 
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The raw NIR reflectance spectra of each foreign material type and wheat when 

pre-processed using the second derivative technique (Fig. 5.3) and classified using SVM 

classifier gave reduced classification with the highest classification accuracy (98.5±0.3%) 

for barley from wheat and the lowest classification accuracy (51.2±0.6%) for canola from 

wheat. The NB classifier gave the highest classification accuracy (99.4±0.3%) for 

classifying canola from wheat and the lowest classification accuracy (97.0±0.8%) for 

classifying maize from wheat. The k-NN classifier perfectly classified (100.0±0.0%) 

maize and soybean from wheat, and near perfectly classified (99.9±0.1%) barley and rye 

from wheat.  

 

Fig. 5.3. Second derivative near-infrared reflectance spectra of seven foreign 

material types and wheat 
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The raw NIR reflectance spectra of each foreign material type and wheat when 

pre-processed using the SG smoothing and differentiation technique (Fig. 5.4) and 

classified using the SVM perfectly classified (100.0±0.1%) canola from wheat and gave 

the lowest classification accuracy (82.0±1.0%) for classifying soybean from wheat. The 

k-NN classifier perfectly classified (100.0±0.0%) the canola from wheat and gave the 

lowest classification accuracy (92.2±0.7%) for classifying rye from wheat. The NB 

classifier performed weaker than the other two classifiers, with the highest accuracy 

(99.3±0.3%) for classifying barley from wheat and the lowest accuracy (78.4±1.0%) for 

classifying flaxseed from wheat. 

 

Fig. 5.4. Savitzky-Golay smoothing and differentiation near-infrared reflectance 

spectra of seven foreign material types and wheat 
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The raw NIR reflectance spectra of each foreign material type and wheat when 

pre-processed using the MSC technique (Fig. 5.5) and classified using the SVM classifier 

perfectly classified (100.0±0.0%) most of the foreign material types from wheat with 

lower accuracy for maize (99.5±0.3%) and oats (98.3±1.2%). The NB classifier perfectly 

classified (100.0±0.0%) most of the foreign material types from wheat except barley 

(98.0±0.7%) and oats (98.5±1.1%). The k-NN classifier perfectly classified (100.0±0.0%) 

most of the foreign material types from wheat except barley (98.3±0.7%). 

 

Fig. 5.5. Multiplicative scatter correction near-infrared reflectance spectra of seven 

foreign material types and wheat 

The raw NIR reflectance spectra of each foreign material type and wheat when 

pre-processed using the SNV technique (Fig. 5.6) and classified using SVM classifier 

perfectly classified (100.0±0.0 or 100.0±0.1%) most of the foreign material types except 

0.2

0.25

0.3

0.35

0.4

0.45

0.5

0.55

0.6

0.65

1
0

0
0

1
1

0
0

1
2

0
0

1
3

0
0

1
4

0
0

1
5

0
0

1
6

0
0

R
ef

le
ct

a
n

ce
, 
d

im
en

si
o

n
le

ss

wavelength, nm

Barley

Canola

Maize

Flaxseed

Oats

Rye

Soybean

Wheat



 

91 
 

barley (99.4±0.2%) from wheat. The NB classifier perfectly classified (100.0±0.0%) 

canola and flaxseed from wheat and gave the lowest classification accuracy (84.2±1.1%) 

for classifying rye from wheat. The k-NN classifier perfectly classified (100.0±0.0%) 

each foreign material types except maize (99.6±0.1%) and rye (99.7±0.2%) from wheat.  

 

Fig. 5.6. Standard normal variate near-infrared reflectance spectra of seven foreign 

material types and wheat 

All the three statistical classifiers gave better classification with the scatter 
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SVM classifier performed least accurately than the other two classifiers. The k-NN 

classifier performed most accurately and gave almost perfect classification of each 

foreign material type from wheat when the spectra were pre-processed with SNV 

technique. 

With all the pre-processing and classification technique combinations the canola 

was most accurately classified from wheat when compared to the other grain types. This 

is also evident that the colour and composition of canola being an oilseed were 

completely different from wheat which is a cereal. The oats were least accurately 

classified from wheat when compared to the other grain types. 

5.1.1.2 Multi-way classification 

The mean and confidence intervals of the classification accuracies obtained using 

eight-way classification models of the raw NIR reflectance spectra and pre-processed 

NIR reflectance spectra to classify all the seven foreign material types from wheat using 

SVM, NB, and k-NN classifiers are shown in Fig. 5.7 and Table A 1 (Appendix). 
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Fig. 5.7. Multi-way classifications (%) of all the foreign material types and wheat 

using different spectral pre-processing and statistical classification techniques (a) 

Raw near-infrared reflectance spectra, (b) First derivative reflectance spectra, (c) 

Second derivative reflectance spectra, (d) Savitzky-Golay pre-processed reflectance 

spectra, (e) Multiplicative scatter corrected reflectance spectra, and (f) Standard 

normal variate reflectance spectra 

Classification using the raw NIR reflectance spectra was better with the k-NN 

classifier (90.1±0.6%) than the SVM and NB classifiers. When the spectral data were 

pre-processed using derivative techniques, the k-NN classifier performed better than the 

SVM and NB classifiers, with the highest accuracy (97.8±0.3%) using the first derivative 

pre-processing technique and the k-NN classifier and the lowest accuracy (36.3±1.2%) 

using the second derivative pre-processing technique and SVM classifier. Similarly, 

when the spectra were pre-processed using scatter correction techniques, the k-NN 

classifier performed better than the SVM and NB classifiers in classification of all the 

foreign material types from wheat. Among the scatter correction techniques, the MSC 
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technique gave lower mean classification accuracies and high confidence intervals. The 

SNV technique with the k-NN classifier gave the highest accuracy (98.3±0.2%) and the 

NB classifier gave the lowest accuracy (87.2±0.5%). The SNV pre-processing technique 

with the k-NN classifier was the best combination of spectral pre-processing and 

statistical classification technique for the classification of all the foreign material types 

from wheat. 

5.1.2 Classification of dockage from wheat 

The raw NIR reflectance spectra of six dockage types and wheat acquired in the 

1000-1600 nm range are shown in Fig. 5.8. Visual analysis of the reflectance spectra 

suggested that all the biological samples (wheat, broken grain, buckwheat, chaff, wheat 

spikelets, and wild oats) had shown a specific spectral pattern. Spectrum of the non-

biological sample (stone) was distinct when compared with spectra of the biological 

samples.  
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Fig. 5.8. Raw-near-infrared reflectance spectra of six dockage types and wheat 

 

5.1.2.1 Two-way classification 

The mean and confidence intervals of the classification accuracies obtained using 

two-way classification models based on the raw NIR reflectance spectra and pre-

processed NIR reflectance spectra to classify each of the dockage types from wheat using 

SVM, NB, and k-NN classifiers are given in Table 5.2.

0.2

0.3

0.4

0.5

0.6

0.7

1
0

0
0

1
1

0
0

1
2

0
0

1
3

0
0

1
4

0
0

1
5

0
0

1
6

0
0

R
ef

le
ct

a
n

ce
, 
d

im
en

si
o

n
le

ss

Wavelength, nm

Broken wheat kernels
Buckwheat
Chaff
Stones
Wheat
Wheat spikelets
Wild oats



 

96 
 

 

Table 5.2. Two-way classification accuracy (mean ± confidence interval, %) of each dockage type from wheat using different 

spectral pre-processing and statistical classification techniques 

Spectral pre-

processing technique 

Statistical 

classifier 

Broken Kernels  

vs 

Wheat 

Buckwheat  

vs 

Wheat 

Chaff  

vs 

Wheat 

Stones  

vs 

Wheat 

Wheat Spikelets  

vs 

Wheat 

Wild Oats  

vs 

Wheat 

Raw near-infrared 

reflectance spectra  

SVM 94.3±0.9 98.5±0.4 99.4±0.3 100.0±0.0 100.0±0.1 99.0±0.3 

NB 81.2±1.2 87.0±1.2 98.8±0.3 99.9±0.1 99.5±0.2 99.1±0.3 

k-NN 97.7±0.5 99.4±0.3 100.0±0.1 100.0±0.0 99.3±0.3 99.5±0.3 

First derivative SVM 50.7±1.1 51.1±1.3 52.7±0.7 53.0±0.7 53.4±0.7 52.0±0.7 

NB 99.2±0.3 99.8±0.2 99.9±0.1 100.0±0.0 98.0±0.6 99.0±0.3 

k-NN 99.9±0.1 100.0±0.0 100.0±0.0 100.0±0.0 100.0±0.0 100.0±0.0 

Second derivative SVM 52.8±0.7 52.9±0.9 52.7±0.8 54.2±1.2 51.5±0.6 51.6±0.7 

NB 97.5±0.5 98.7±0.6 99.8±0.2 99.9±0.1 98.9±0.5 98.9±0.3 

k-NN 98.9±0.4 100.0±0.0 100.0±0.0 99.9±0.1 100.0±0.1 100.0±0.0 

SG smoothing and 

derivative 

SVM 94.5±0.6 98.9±0.4 99.5±0.2 100.0±0.0 99.7±0.2 99.3±0.3 

NB 82.4±1.5 82.7±1.5 99.4±0.3 99.6±0.2 99.3±0.3 99.2±0.3 

k-NN 97.3±0.4 99.2±0.3 99.7±0.3 100.0±0.1 99.6±0.2 99.8±0.2 

MSC SVM 99.6±0.3 100.0±0.0 100.0±0.0 100.0±0.0 100.0±0.0 100.0±0.0 

NB 74.1±1.6 100.0±0.0 99.5±0.3 99.9±0.1 100.0±0.1 100.0±0.0 

k-NN 98.0±0.2 100.0±0.0 100.0±0.0 100.0±0.0 100.0±0.0 100.0±0.0 
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SNV SVM 99.4±0.2 100.0±0.0 100.0±0.1 100.0±0.0 100.0±0.0 100.0±0.0 

NB 99.7±0.2 100.0±0.0 99.9±0.1 100.0±0.0 99.0±0.5 99.3±0.2 

k-NN 100.0±0.0 100.0±0.0 99.9±0.1 100.0±0.0 99.8±0.1 100.0±0.0 

Abbreviations- NIR: Near-Infrared, SG: Savitzky-Golay, MSC: Multiplicative Scatter Correction, SNV: Standard Normal Variate, SVM: Support Vector 

Machines, NB: Naïve Bayes, and k-NN: k-Nearest Neighbor 
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The raw NIR reflectance spectra of dockage types and wheat without applying 

any pre-processing when classified using the SVM classifier perfectly classified stones 

(100.0±0.0%) and wheat spikelets (100.0±0.1%) from wheat and gave the lowest 

classification accuracy (94.3±0.9%)  for classifying broken wheat kernels from wheat. 

The k-NN classifier perfectly classified stones (100.0±0.0%) and chaff (100.0±0.1%) 

from wheat and gave the lowest classification accuracy (97.7±0.5%) for classifying 

broken wheat kernels from wheat. Compared to the SVM and k-NN, the NB classifier 

gave lower classification accuracies with almost perfect classification (99.9±0.1%) of 

stones from wheat and the lowest classification accuracy (81.2±1.2%) for classifying 

broken wheat kernels from wheat. All the three classifiers classified stones which are 

non-biological material with the highest accuracy but they gave low accuracies when 

classifying broken wheat kernels from wheat.  

Jiang and Li (2015) used hyperspectral imaging system to classify fifteen 

different kinds of cotton foreign materials (cotton lint, inner and outer bark, inner and 

outer stem, brown leaf, bract, hull, seed coat inner, seed coat outer, seed, green leaf, and 

plastic bale packaging) from twine (the economical part). The spectra of fifteen foreign 

materials were obtained using a pushbroom hyperspectral imaging system in the 400-

1000 nm range. The PCA was used to select the most prominent wavelengths that 

contribute to the discrimination. The multivariate analysis of variance (MANOVA) was 

used to check the significance of reflectance data. The MANOVA results showed that the 

reflectance spectra of hull were significantly different from the twine. These results can 

be compared to the classification accuracy of chaff from the wheat kernel. Using the raw 

NIR reflectance spectra, chaff was perfectly classified (100.0±0.0%) from wheat using k-
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NN classifier. Similar classification accuracy was obtained when the chaff and wheat 

spectra were pre-processed using SNV technique and classified using the SVM, NB, and 

k-NN classifier.  

Story and Raghavan (1973) developed online sorting equipment for the separation 

of stones and soil clods from potatoes. Gruna et al. (2010) used Vis-NIR hyperspectral 

imaging system for classification of foreign materials (wood splitter, paper scraps, cork, 

cord, stones, and plastic pieces) from dried onions. The LDA and QDA statistical 

classifiers were used for the classification of Bhattacharyya distance processed spectra 

(Bhattacharyya, 1946). The QDA classifier gave better results than the LDA in the 

characterization of foreign materials from dried onions. The LDA failed to detect the 

wood splitters, but both the QDA and LDA accurately detected stones from dried onions. 

The raw and the scatter corrected NIR reflectance spectra of stones and wheat were 

perfectly classified (100.0±0.0%) using any of the three statistical classifiers.  

The raw NIR reflectance spectra of dockage types and wheat when pre-processed 

using the first derivative technique (Fig. 5.9) and classified using the SVM classifier gave 

lower classification accuracies (<53.4%) when compared to the unprocessed spectra. The 

SVM classifier gave the highest classification accuracy (53.4±0.7%) for classifying 

wheat spikelets from wheat and the lowest accuracy (50.7±1.1%) for classifying broken 

wheat kernels from wheat. The first derivative processed spectra gave better results with 

the NB and k-NN classifiers than the raw unprocessed spectra. The NB classifier 

perfectly classified (100.0±0.0%) stones from wheat and gave the lowest classification 

accuracy (98.0±0.6%) for classifying wheat spikelets from wheat. The k-NN classifier 
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perfectly classified most of the dockage types (100.0±0.0%) except broken kernels 

(99.9±0.1%) from wheat. 

 

Fig. 5.9. First derivative near-infrared reflectance spectra of six dockage types and 

wheat  

The raw NIR reflectance spectra of dockage types and wheat when pre-processed 

using the second derivative technique (Fig. 5.10) and classified using the SVM classifier 

gave lower classification accuracies (<54.2%) when compared to the raw unprocessed 

spectra. The SVM classifier gave the highest classification accuracy (54.2±1.2%) for 

classifying stones from wheat and the lowest accuracy (51.5±0.6%) for classifying wheat 

spikelets from wheat. The NB classifier almost perfectly classified the chaff (99.8±0.2%) 

and stones (99.9±0.1%) from wheat and gave the lowest classification accuracy 

(97.5±0.5%) for classifying broken wheat kernels from wheat. The k-NN classifier gave 
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better classification results than the SVM and NB classifiers with the second derivative 

pre-processing technique. The k-NN classifier perfectly classified buckwheat, chaff, wild 

oats (100.0±0.0%) and wheat spikelets (100.0±0.1%) and almost perfectly classified 

stones (99.9±0.1%) and gave the lowest classification accuracy (98.9±0.4%) for 

classifying broken wheat kernels from wheat. 

 

Fig. 5.10. Second derivative near-infrared reflectance spectra of six dockage types 

and wheat 

The raw NIR reflectance spectra of dockage types and wheat when pre-processed 

using SG smoothing and differentiation technique (Fig. 5.11) and classified using the 

SVM classifier resulted in perfect classification (100.0±0.0%)  of stones from wheat and 

the lowest classification accuracy (94.5±0.6%) for classifying broken kernels from wheat. 

The NB classifier gave the highest classification accuracy (99.6±0.2%) for classifying 
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stones from wheat and the lowest classification accuracy (82.4±1.5%) for classifying 

broken wheat kernels from wheat. The k-NN classifier perfectly classified (100.0±0.1%) 

stone from wheat and gave the lowest classification accuracy (97.3±0.4%) for classifying 

broken wheat kernels from wheat.  

 

Fig. 5.11. Savitzky-Golay smoothing and differentiation near-infrared reflectance 

spectra of six dockage types and wheat 

The raw NIR reflectance spectra of dockage types and wheat when pre-processed 

using the MSC technique (Fig. 5.12) and classified using the SVM classifier, perfectly 

classified (100.0±0.0%) most of the dockage types, except broken wheat kernels 

(99.6±0.3%) from wheat. The NB classifier perfectly classified (100.0±0.0 or 

100.0±0.1%) buckwheat, wheat spikelets, and wild oats from wheat and gave the lowest 

classification accuracy (74.1±1.6%) for classification of broken wheat kernels from 
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wheat. The k-NN classifier perfectly classified (100.0±0.0%) each of the dockage types 

except broken wheat kernels (98.0±0.2%) from wheat.  

 

Fig. 5.12. Multiplicative scatter correction near-infrared reflectance spectra of six 

dockage types and wheat 

The raw NIR reflectance spectra of dockage types and wheat when pre-processed 

using SNV pre-processing technique (Fig. 5.13) and classified using the SVM classifier 

perfectly classified (100.0±0.0 or 100.0±0.1%) most of the dockage types, except broken 

wheat kernels (99.4±0.2%) from wheat. The NB classifier perfectly classified 

(100.0±0.0%) buckwheat and stones from wheat and gave the lowest classification 

accuracy (99.0±0.5%) for classifying wheat spikelets from wheat. The k-NN classifier 

perfectly classified (100.0±0.0%) each of the dockage types except wheat spikelets 

(99.8±0.1%) and chaff (99.9±0.1%) from wheat. 

0.2

0.25

0.3

0.35

0.4

0.45

0.5

0.55

0.6

0.65

1
0

0
0

1
1

0
0

1
2

0
0

1
3

0
0

1
4

0
0

1
5

0
0

1
6

0
0

R
ef

le
ct

a
n

ce
, 
d

im
en

si
o

n
le

ss

Wavelength, nm

Broken wheat kernels
Buckwheat
Chaff
Stones
Wheat
Wheat spikelets
Wild oats



 

104 
 

 

Fig. 5.13. Standard normal variate near-infrared reflectance spectra of six dockage 

types and wheat 

The statistical classification technique accurately classified each dockage type 

from wheat with scatter correction pre-processed spectra than raw NIR reflectance 

spectra and derivative technique pre-processed spectra. With all the pre-processing and 

classification techniques the stones being non-biological materials were most accurately 

classified from wheat. This was also evident from the visual inspection of raw NIR 

reflectance spectra where the stone spectra were clearly separable from the other dockage 

types and wheat. The broken wheat kernels, as they were derived from the grain itself, 

were least accurately classified from wheat when compared to the other dockage types. 

The k-NN classifier performed better than SVM and NB classifiers for the classification 

of each dockage type from wheat. 
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5.1.2.2 Multi-way classification 

The mean and confidence intervals of the classification accuracies obtained using 

seven-way classification models of the raw NIR reflectance spectra and pre-processed 

NIR reflectance spectra to classify all the six dockage types from wheat using SVM, NB, 

and k-NN classifiers are shown in the Fig 5.14 and Table A 2. 

 

Fig. 5.14. Multi-way classifications (%) of all the dockage types and wheat using 

different spectral pre-processing and statistical classification techniques (a) Raw 

near-infrared reflectance spectra, (b) First derivative reflectance spectra, (c) Second 

derivative reflectance spectra, (d) Savitzky-Golay pre-processed reflectance spectra, 

(e) Multiplicative scatter corrected reflectance spectra, and (f) Standard normal 

variate reflectance spectra 

The raw NIR reflectance spectra were classified better using the k-NN classifier 

(91.7±0.5%) than the SVM and NB classifiers. When the spectral data were pre-

processed using derivative techniques, the k-NN classifiers performed better than the 
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SVM and NB classifiers, with the highest accuracy (99.3±0.1%) when using the first 

derivative pre-processing technique and k-NN classifier and gave the lowest accuracy 

(43.5±0.9%) using the second derivative pre-processing technique and SVM classifier. 

Similarly, when the spectra were pre-processed using scatter correction techniques, the k-

NN classifier performed better than the SVM and NB classifiers in classification of 

dockage from wheat. Among the scatter correction techniques the MSC technique gave 

lower mean classification accuracies and high confidence intervals than SNV technique. 

The highest classification accuracy (98.9±0.2%) was achieved using SNV pre-processing 

technique and k-NN classifier and the lowest accuracy (83.9±1.2%) was achieved using 

MSC pre-processing technique and NB classifier. The SNV pre-processing technique 

with the SVM classifier or the first derivative and SNV pre-processing technique with the 

k-NN classifier were the best combinations of pre-processing and statistical classification 

techniques for the classification of all the dockage types from wheat. 

5.1.3 Classification of animal excreta from wheat 

The raw NIR reflectance spectra of two animal excreta types and wheat acquired 

in the 1000-1600 nm range are shown in the Fig. 5.15. 
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Fig. 5.15. Raw-near-infrared reflectance spectra of two animal excreta types and 

wheat  

 

5.1.3.1 Two-way classification 

The mean and confidence intervals of the classification accuracies obtained using 

two-way classification models based on the raw NIR reflectance spectra and pre-

processed NIR reflectance spectra to classify each of the animal excreta types from wheat 

using SVM, NB, and k-NN classifiers are given in the Table 5.3.
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Table 5.3. Two-way classification accuracy (mean ± confidence interval, %) of each animal excreta type from wheat using 

different spectral pre-processing and statistical classification techniques 

Spectral pre-processing technique Statistical classifier Deer droppings  

vs 

Wheat 

Rabbit droppings  

vs 

Wheat 

Raw-near-infrared reflectance spectra  SVM 100.0±0.0 100.0±0.0 

NB 100.0±0.0 100.0±0.0 

k-NN 100.0±0.0 99.8±0.2 

First derivative SVM 52.9±0.6 52.7±1.3 

NB 99.3±0.3 98.9±0.4 

k-NN 100.0±0.0 100.0±0.0 

Second derivative SVM 52.5±1.4 53.8±0.8 

NB 97.8±0.6 96.8±0.6 

k-NN 100.0±0.0 100.0±0.0 

SG smoothing and derivative SVM 100.0±0.0 100.0±0.0 

NB 99.9±0.1 99.8±0.2 

k-NN 100.0±0.0 99.8±0.2 

MSC SVM 100.0±0.0 100.0±0.0 

NB 99.5±0.3 98.9±1.0 

k-NN 100.0±0.0 100.0±0.0 

SNV SVM 99.9±0.1 100.0±0.0 

NB 99.6±0.2 99.4±0.2 

k-NN 100.0±0.0 100.0±0.0 

Abbreviations- NIR: Near-Infrared, SG: Savitzky-Golay, MSC: Multiplicative Scatter Correction, SNV: Standard Normal Variate, SVM: Support Vector 

Machines, NB: Naïve Bayes, and k-NN: k-Nearest Neighbor
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Using the raw NIR reflectance spectra, the deer droppings, and rabbit droppings 

were perfectly classified (100.0±0.0%) from wheat using the SVM and NB classifiers. 

The k-NN classifier perfectly classified (100.0±0.0%) the deer droppings from wheat and 

almost perfectly classified (99.8±0.2%) the rabbit droppings from wheat. The raw NIR 

reflectance spectra of each animal excreta type and wheat when pre-processed using the 

first derivative technique (Fig. 5.16) and classified using the SVM classifier gave low 

classification accuracy for classifying deer droppings (52.9±0.6%) and rabbit 

droppings(52.7±1.3%) from the wheat. The NB classifier gave near perfect classification 

for deer droppings (99.3±0.3%) and rabbit droppings (98.9±0.4%) from wheat. The k-NN 

classifier perfectly classified (100.0±0.0%) both the animal excreta types from wheat.  
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Fig. 5.16. First derivative near-infrared reflectance spectra of two animal excreta 

types and wheat 

The raw NIR reflectance spectra of each animal excreta type and wheat when pre-

processed using the second derivative technique (Fig. 5.17) gave almost similar results to 

that of the first derivative technique. The SVM classifier gave low classification for deer 

droppings (52.5±1.4%) and rabbit droppings (53.8±0.8%) from wheat. The NB classifier 

gave the higher accuracy (97.8±0.6%) for deer droppings and lower accuracy for rabbit 

droppings (96.8±0.6%) from wheat. The k-NN classifier perfectly classified 

(100.0±0.0%) both the animal excreta types from wheat. 
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Fig. 5.17. Second derivative near-infrared reflectance spectra of two animal excreta 

types and wheat 

The raw NIR reflectance spectra of each animal excreta type and wheat when pre-

processed using the SG smoothing and differentiation technique (Fig. 5.18) and classified 

using the SVM classifier, gave perfect classification (100.0±0.0%) of both the animal 

excreta from wheat. The NB classifier almost perfectly classified the deer droppings 

(99.9±0.1%) and the rabbit droppings (99.8±0.2%). The k-NN classifier perfectly 

classified the deer droppings (100.0±0.0%) and almost perfectly classified the rabbit 

droppings (99.8±0.2%).  

-0.0002

-0.00015

-1E-04

-5E-05

3.1E-18

5E-05

0.0001

0.00015

0.0002

0.00025

0.0003

1
0

0
0

1
1

0
0

1
2

0
0

1
3

0
0

1
4

0
0

1
5

0
0

1
6

0
0

R
ef

le
ct

a
n

ce
, 
d

im
en

si
o

n
le

ss

Wavelength, nm

Deer droppings

Rabbit droppings

Wheat



 

112 
 

 

Fig. 5.18. Savitzky-Golay smoothing and differentiation near-infrared reflectance 

spectra of two animal excreta types and wheat 

The raw NIR reflectance spectra of each animal excreta type and wheat when pre-

processed using the MSC technique (Fig. 5.19) and classified using the SVM and k-NN 

classifiers, gave perfect classification (100.0±0.0%) of both the animal excreta from 

wheat. The NB classifier gave higher classification accuracy for the deer droppings 

(99.5±0.3%) than the rabbit droppings (98.9±1.0%).  

  The first derivative spectral pre-processing technique generally reduces the 

offset in the sample spectra. The second derivative spectral pre-processing technique in 

addition to the spectral offset also removes a uniform slope from the baseline. These 

offsets are generally caused by the shift in the spectra due to variations occurring in the 

imaging components like fibre optics or due to the geometric variations of the sample. In 
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the present study the first and second derivative techniques gave lower classification 

results, which suggest that the samples spectra were negatively influenced when the 

offset were removed from the sample spectra. As the derivative techniques cannot 

remove the additive and multiplicative effects in the spectra, the lower classification 

accuracy using first and second derivatives suggest that the additive and multiplicative 

effects were higher in these spectra.  

Similarly, Esquerre et al. (2012) studied the ability of various spectral pre-

processing techniques in reducing the morphological influence in the NIR spectral 

imaging. Different sizes of white and blue cardboard papers in flat, cylindrical, and 

crumpled shapes were used to generate various shapes, sizes, and morphological 

configurations for analysis. The spectral derivative techniques performed lower than the 

other spectral pre-processing techniques in reducing the morphological influences in the 

spectra.  

The SG smoothing and differentiation is generally used to reduce the signal-to-

noise ratio. As there was no derivative generated using SG technique in this study, the 

primary motto of using this technique was to calculate the finite differences of the 

spectra, thereby removing the linear trend and reducing the associated noises. In this 

study, the improvement of classification accuracy for differentiating various contaminant 

types from wheat by applying SG smoothing and differentiation technique to the raw NIR 

reflectance spectra was very little. This suggested that the smoothing of the spectra by 

removing the noises did not have any influence on the spectra of contaminant types and 

wheat. 
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Fig. 5.19. Multiplicative scatter corrected near-infrared reflectance spectra of two 

animal excreta types and wheat 

The raw NIR reflectance spectra of each animal excreta type and wheat when pre-

processed using the SNV technique (Fig. 5.20) and classified using the SVM classifier 

almost perfectly classified (99.9±0.1%) deer droppings from wheat and perfectly 

classified (100.0±0.0%) rabbit droppings from wheat. The NB classifier almost perfectly 

classified the deer droppings (99.6±0.2%) and rabbit droppings (99.4±0.2%) from wheat. 

The k-NN classifier perfectly classified (100.0±0.0%) both the animal excreta types from 

wheat. 

The MSC technique normally generates line of best fit of each spectrum using the 

reference spectrum (generally mean spectrum) (Geladi et al., 1985; Rinnan et al., 2009; 

Williams et al., 2009) and thereby reduces the scattering effects and particle size issues in 
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the spectra. Due to this the outliers in the spectra are generally removed using MSC 

(Fearn et al., 2009). The accuracy of classifying various contaminant types from wheat 

was improved when the spectra were pre-processed using the MSC technique. This 

suggests that the raw NIR reflectance spectra of various contaminant types and wheat 

were influenced by scattering, particle size or outliers.  

The SNV technique removed the offset and multiplicative effects from each 

individual spectrum by mean centring and scaling the spectrum using its own standard 

deviation (Barnes et al., 1989; Rinnan et al., 2009; Fearn et al., 2009). This technique is 

not only known to perform multiplicative correction, but also removes the baseline effect 

and surpasses the effect of interfering compounds. Generally the MSC and SNV spectral 

pre-processing techniques are known to give very similar results (Esquerre et al., 2012). 

Fearn et al. (2009) analysed the performance ability of the MSC and SNV techniques and 

understood that the geometry in spectral space is not the same when analysed using the 

SNV and the MSC techniques. Due to this, the SNV technique outperforms the MSC 

technique. This is because the SNV technique has the capacity to induce the curved 

structures in the score plot, which are generally derived from the treated spectra. On the 

other hand, the MSC technique has the problem of only removing the outliers from the 

spectra, but cannot induce the curved structures (Fearn et al., 2009). In this study, these 

interpretations were clearly observed. Although the results of MSC and SNV pre-

processed spectra seems to be very similar, the SNV technique outperformed the MSC 

technique in classifying various contaminant types from wheat.   



 

116 
 

 

Fig. 5.20. Standard normal variate near-infrared reflectance spectra of two animal 

excreta types and wheat 

All the three statistical classifiers gave better classification of each animal excreta 

type from wheat with the scatter corrected spectra than the raw NIR reflectance and 

derivative spectra. The deer droppings were classified with highest accuracy than rabbit 

droppings from wheat using different combinations of spectral pre-processing and 

statistical classification techniques. The k-NN classifier performed better than SVM and 

NB classifiers using different spectral pre-processing techniques. 

5.1.3.2 Multi-way classification 

The mean and confidence intervals of the classification accuracies obtained using 

three-way classification models of the raw NIR reflectance spectra and pre-processed 

-2.5

-2

-1.5

-1

-0.5

0

0.5

1

1.5

2

1
0

0
0

1
1

0
0

1
2

0
0

1
3

0
0

1
4

0
0

1
5

0
0

1
6

0
0

R
ef

le
ct

a
n

ce
, 
d

im
en

si
o

n
le

ss

Wavelength, nm

Deer droppings

Rabbit droppings

Wheat



 

117 
 

NIR reflectance spectra to classify both the animal excreta from wheat using SVM, NB, 

and k-NN classifiers are shown in the Fig. 5.21 and Table A 3. 

 

Fig. 5.21. Multi-way classifications (%) of all the animal excreta types and wheat 

using different spectral pre-processing and statistical classification techniques (a) 

Raw near-infrared reflectance spectra, (b) First derivative reflectance spectra, (c) 

Second derivative reflectance spectra, (d) Savitzky-Golay pre-processed reflectance 

spectra, (e) Multiplicative scatter corrected reflectance spectra, and (f) Standard 

normal variate reflectance spectra 

The raw NIR reflectance spectra of deer droppings, rabbit droppings, and wheat 

were almost perfectly classified (>99.6%) using the all three classifiers. Lower 

classification accuracies compared to raw spectra were observed when the spectral data 

were pre-processed using the derivative techniques, with the lowest accuracy 

(61.1±1.3%) using the second derivative pre-processing technique and SVM classifier. 

When the spectra were pre-processed using the scatter correction techniques, 
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classification accuracy of animal excreta from wheat improved with perfect classification 

(100.0±0.0%) using the SVM and k-NN classifiers. The NB classifier almost perfectly 

classified (99.7±0.2%) all the animal excreta types from wheat with SNV pre-processed 

spectra and gave slightly lower classification accuracy (98.5±0.8%) with MSC pre-

processing technique. The MSC and SNV pre-processing techniques with the SVM 

classifier or the first derivative, MSC, and SNV pre-processing techniques with the k-NN 

classifier are the best combinations of pre-processing and statistical classification 

techniques for the classification of all the animal excreta types from wheat.  

The multi-way accuracy for classifying various contaminant types from wheat 

kernels using NIR hyperspectral imaging, the SNV spectral pre-processing technique and 

k-NN classifier was higher than 98%.  

Among all the three classifiers used for the classification of various contaminant 

types from wheat, the k-NN performed the best, then the SVM and last the NB classifier. 

Similar results were observed by Entezari-Maleki et al. (2009) when seven data 

classification techniques (Decision Tree (DT), k-NN, Logistic Regression (LogR), NB, 

C4.5, SVM, and Linear Classifier (LC) with Area Under Curve (AUC) metric) were 

compared, the k-NN classifier performed better than the SVM and NB classifiers for 

classifying the artificially generated data set and class labels.  

Rodríguez-Cobo et al. (2012) classified foreign materials (wood, card-board, 

different colored cellophanes, leather, leaves of other vegetable materials different from 

tobacco, foil, paper of sweets, and textile threads) from tobacco leaves using Vis-NIR 

hyperspectral imaging system in the 350-1020 nm wavelength range. High-level 
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classification algorithms like the ANN and Hierarchical Temporal Memory (HTM) were 

used for understanding the performance ability of the classifiers in identifying the foreign 

materials from tobacco leaves without using any training data set. It was identified that 

the classification accuracy with both the ANN (99.12%) and HTM (99%) were very close 

in identifying various foreign materials from tobacco leaves. Rodríguez-Cobo et al. 

(2012) also suggested that the k-NN classifier would be an alternative for the 

classification of sample with high variations like foreign materials. But in this study the 

k-NN technique was not used as there was no training data set used. 

Pierna et al. (2012) detected various impurities in cereal grains and nematode 

cysts on sugar beet plant roots using hyperspectral imaging, SNV and second derivative 

SG pre-processing techniques and SVM classifier. The accuracy of the analysis was 

about 92% and 84% for the identification of impurities in cereal grains and nematode 

cysts, respectively. Singh et al. (2010) used a combination of colour and NIR 

hyperspectral imaging to identify damaged wheat kernels and obtained greater than 99% 

accuracy in classifying the midge damaged wheat kernels. Similarly, Mahesh et al. 

(2008) and Choudhary et al. (2009) used different statistical classifiers to classified 

Western Canadian wheat classes using NIR hyperspectral imaging. They were able to 

obtain up to 99% accuracy for classifying different wheat classes.  
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5.2 Identification of the Presence of Contaminant Types Along with Wheat 

5.2.1 Foreign material 

The mean classification accuracies and confidence intervals for the identification 

of the presence of each foreign material type individually and in combinations along with 

wheat using SNV spectral pre-processing technique and k-NN classifier are given in 

Table 5.4. 
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Table 5.4. Percentage accuracy (average ± confidence interval, %) for the identification of the presence of foreign material 

types with wheat at different degrees of contamination 

First degree contamination 
     

WF1 WF2 WF3 WF4 WF5 WF6 WF7 

100.0±0.0 100.0±0.0 95.0±9.8 100.0±0.0 100.0±0.0 90.0±13.1 100.0±0.0 

Second degree contamination 
     

WF1F2 WF1F3 WF1F4 WF1F5 WF1F6 WF1F7 WF2F3 

100.0±0.0 96.7±6.5 100.0±0.0 100.0±0.0 93.3±8.7 100.0±0.0 100.0±0.0 

       
WF2F4 WF2F5 WF2F6 WF2F7 WF3F4 WF3F5 WF3F6 

100.0±0.0 100.0±0.0 100.0±0.0 100.0±0.0 93.3±8.7 93.3±8.7 86.7±14.5 

       
WF3F7 WF4F5 WF4F6 WF4F7 WF5F6 WF5F7 WF6F7 

100.0±0.0 93.3±8.7 93.3±8.7 100.0±0.0 100.0±0.0 100.0±0.0 100.0±0.0 

Third degree contamination 
     

WF1F2F3 WF1F2F4 WF1F2F5 WF1F2F6 WF1F2F7 WF1F3F4 WF1F3F5 

100.0±0.0 100.0±0.0 100.0±0.0 100.0±0.0 100.0±0.0 97.5±4.9 97.5±4.9 

       
WF1F3F6 WF1F3F7 WF1F4F5 WF1F4F6 WF1F4F7 WF1F5F6 WF1F5F7 

75.0±0.0 97.5±4.9 100.0±0.0 95.0±6.5 100.0±0.0 95.0±9.8 100.0±0.0 

       
WF1F6F7 WF2F3F4 WF2F3F5 WF2F3F6 WF2F3F7 WF2F4F5 WF2F4F6 

95.0±6.5 100.0±0.0 95.0±6.5 75.0±0.0 97.5±4.9 100.0±0.0 95.0±6.5 
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WF2F4F7 WF2F5F6 WF2F5F7 WF2F6F7 WF3F4F5 WF3F4F6 WF3F4F7 

100.0±0.0 97.5±4.7 100.0±0.0 95.0±6.5 100.0±0.0 97.5±4.9 100.0±0.0 

       
WF3F5F6 WF3F5F7 WF3F6F7 WF4F5F6 WF4F5F7 WF4F6F7 WF5F6F7 

92.5±7.5 100.0±0.0 82.5±7.5 100.0±0.0 100.0±0.0 100.0±0.0 100.0±0.0 

 

Fourth degree contamination      

WF1F2F3F4 WF1F2F3F5 WF1F2F3F6 WF1F2F3F7 WF1F2F4F5 WF1F2F4F6 WF1F2F4F7 

100.0±0.0 100.0±0.0 96.0±7.8 98.0±3.9 100.0±0.0 98.0±3.0 100.0±0.0 

       
WF1F2F5F6 WF1F2F5F7 WF1F2F6F7 WF1F3F4F5 WF1F3F4F6 WF1F3F4F7 WF1F3F5F6 

88.0±10.5 98.03.9 92.0±6.4 96.0±7.8 96.0±5.2 100.0±0.0 80.0±0.0 

       
WF1F3F5F7 WF1F3F6F7 WF1F4F5F6 WF1F4F5F7 WF1F4F6F7 WF1F5F6F7 WF2F3F4F5 

98.0±3.9 96.0±7.8 96.0±7.8 100.0±0.0 100.0±0.0 96.0±5.2 84.0±12.8 

       
WF2F3F4F6 WF2F3F4F7 WF2F3F5F6 WF2F3F5F7 WF2F3F6F7 WF2F4F5F6 WF2F4F5F7 

94.0±8.4 96.0±5.2 96.0±5.2 100.0±0.0 88.0±12.0 80.0±13.1 100.0±0.0 

       
WF2F4F6F7 WF2F5F6F7 WF3F4F5F6 WF3F4F5F7 WF3F4F6F7 WF3F5F6F7 WF4F5F6F7 

80.0±0.0 96.0±5.2 80.0±0.0 96.0±5.2 86.0±6.0 92.0±6.4 96.0±7.8 

Fifth degree contamination 
     

WF1F2F3F4F5 WF1F2F3F4F6 WF1F2F3F4F7 WF1F2F3F5F6 WF1F2F3F5F7 WF1F2F3F6F7 WF1F2F4F5F6 

98.3±3.3 98.3±3.3 98.3±3.3 85.0±7.6 95.0±5.0 98.3±3.3 95.0±5.0 
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WF1F2F4F5F7 WF1F2F4F6F7 WF1F2F5F6F7 WF1F3F4F5F6 WF1F3F4F5F7 WF1F3F4F6F7 WF1F3F5F6F7 

96.7±4.4 95.0±5.0 96.7±4.4 93.3±7.2 96.7±6.5 85.0±9.0 85.0±5.9 

       
WF1F4F5F6F7 WF2F3F4F5F6 WF2F3F4F5F7 WF2F3F4F6F7 WF2F3F5F6F7 WF2F4F5F6F7 WF3F4F5F6F7 

95.0±7.0 93.3±7.2 95.0±7.0 93.3±7.2 95.0±7.0 96.7±6.5 85.0±3.3 

Sixth degree contamination 
     

WF1F2F3F4F5F6 WF1F2F3F4F5F7 WF1F2F3F4F6F7 WF1F2F3F5F6F7 WF1F2F4F5F6F7 WF1F3F4F5F6F7 WF2F3F4F5F6F7 

87.1±6.5 97.1±3.7 97.3±3.5 91.8±7.8 95.7±4.3 87.1±6.5 95.7±4.3 

Seventh degree contamination 
     

WF1F2F3F4F5F6F7 
      

92.5±6.5 
      

W- Wheat, F1- Barley, F2- Canola, F3- Maize, F4- Flax, F5- Oats, F6- Rye, and F7-Soybean
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In the first degree of contamination, where wheat was present along with one 

foreign material type, except wheat-maize (WF3, 95.0±9.8%) and wheat-rye (WF6, 

90.0±13.1%), all other foreign material types were perfectly classified (100.0±0.0%). 

These results were similar to the model validation results, where among all the foreign 

material types, maize and rye were least accurately classified from wheat. In the second 

degree of contamination, where wheat was present with two foreign material types, new 

classification confusions were identified between maize-oats (F3F5), maize-rye (F3F6), 

flax-oats (F4F5), and flax-rye (F4F6). The overall accuracy of the second degree of 

contamination was 97.6±1.6%. The overall classification accuracies further reduced as 

the combination of wheat with foreign material types (degree of contamination) 

increased. The seventh degree of contamination where wheat was present with all seven 

foreign material types the classification accuracy was 92.5±6.5%.  

The classification accuracies of the first and seventh degree contamination of the 

foreign material types identification experiment results were compared with the 

corresponding two-way and multi-way model validation results using Student‘s t-test and 

are shown in Fig. 5.22 and Table A 4. The first (97.9±2.9%) and seventh (92.5±6.5%) 

degree identification experiment results of foreign material types were statistically (P > 

0.05) similar to their corresponding two-way (99.9±0.1%) and multi-way (98.3±0.2%) 

model validation results.  
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Fig. 5.22. Comparison of the identification experiment results from the model 

validation results for the foreign material types (Ψ Ψ – statistically similar) 

5.2.2 Dockage 

The mean classification accuracies and confidence intervals for the identification 

of the presence of each dockage type individually and in combinations with wheat using 

SNV spectral pre-processing technique and k-NN classifier are given in Table 5.5. In the 

first degree of contamination, where wheat was present with one dockage type, except 

wheat-chaff (WF3, 95.0±9.8%) and wheat-wheat spikelet (WF5, 95.0±9.8%) all the 

dockage types were perfectly (100.0±0.0%) classified. These results were similar to the 

model validation results, where among all the dockage types chaff and wheat spikelets 

were least accurately classified. 
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Table 5.5. Percentage accuracy (average ± confidence interval, %) for the identification of the presence of dockage types with 

wheat at different degrees of contamination 

First degree contamination 
    

WF1 WF2 WF3 WF4 WF5 WF6 

100.0±0.0 100.0±0.0 95.0±9.8 100.0±0.0 95.0±9.8 100.0±0.0 

Second degree contamination 
    

WF1F2 WF1F3 WF1F4 WF1F5 WF1F6 
 

100.0±0.0 100.0±0.0 100.0±0.0 96.7±6.5 100.0±0.0 
 

      
WF2F3 WF2F4 WF2F5 WF2F6 WF3F4 

 
100.0±0.0 100.0±0.0 100.0±0.0 100.0±0.0 100.0±0.0 

 

      
WF3F5 WF3F6 WF4F5 WF4F6 WF5F6 

 
90.0±10.0 90.0±10.0 100.0±0.0 100.0±0.0 93.3±8.7 

 
Third degree contamination 

    
WF1F2F3 WF1F2F4 WF1F2F5 WF1F2F6 WF1F3F4 

 
100.0±0.0 100.0±0.0 100.0±0.0 100.0±0.0 100.0±0.0 

 

      
WF1F3F5 WF1F3F6 WF1F4F5 WF1F4F6 WF1F5F6 

 
95.0±6.5 97.5±4.9 100.0±0.0 100.0±0.0 100.0±0.0 

 

      
WF2F3F4 WF2F3F5 WF2F3F6 WF2F4F5 WF2F4F6 

 
100.0±0.0 90.0±8.0 90.0±8.0 100.0±0.0 100.0±0.0 
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WF2F5F6 WF3F4F5 WF3F4F6 WF3F5F6 WF4F5F6 
 

90.0±13.1 95.0±9.8 95.0±6.5 77.5±8.8 95.0±6.5 
 

Fourth degree contamination 
    

WF1F2F3F4 WF1F2F3F5 WF1F2F3F6 WF1F2F4F5 WF1F2F4F6 
 

100.0±0.0 98.0±3.9 100.0±0.0 100.0±0.0 100.0±0.0 
 

      
WF1F2F5F6 WF1F3F4F5 WF1F3F4F6 WF1F3F5F6 WF1F4F5F6 

 
90.0±6.5 94.0±8.4 90.0±6.5 96.0±7.8 100.0±0.0 

 

      
WF2F3F4F5 WF2F3F4F6 WF2F3F5F6 WF2F4F5F6 WF3F4F5F6 

 
96.0±5.2 100.0±0.0 78.0±12.3 90.0±6.5 100.0±0.0 

 
Fifth degree contamination 

    
WF1F2F3F4F5 WF1F2F3F4F6 WF1F2F3F5F6 WF1F2F4F5F6 WF1F3F4F5F6 WF2F3F4F5F6 

96.7±4.4 98.3±3.3 85.0±7.6 98.3±3.3 95.0±5.0 96.7±4.4 

Sixth degree contamination 
    

WF1F2F3F4F5F6 
     

94.3±6.2 
     

W- Wheat, F1- Broken kernels, F2- Buckwheat, F3- Chaff, F4- Stones, F5- Wheat spikelets, and F6- Wild oats
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In the second degree of contamination, where wheat was present with two 

dockage types, new classification confusions were identified between chaff-wheat 

spikelets (F3F5), chaff-wild oats (F3F6), and wheat spikelets-wild oats (F5F6). The 

overall accuracy of the second degree of contamination was 98.0±1.8%. The overall 

classification accuracies further reduced as the combination of wheat and dockage types 

(degree of contamination) increased. The sixth degree of contamination where wheat was 

present with all the dockage types the classification accuracy was 94.3±6.2%. 

The classification accuracies of the first and the sixth degree contamination of the 

dockage types identification experiment results were compared with the corresponding 

two-way and multi-way model validation results using Student‘s t-test and are shown in 

the Fig. 5.23 and Table A 5. The first (98.3±2.1%) and sixth (94.3±6.2%) degree 

identification experiment results of the dockage types were statistically similar (P > 0.05) 

to the corresponding two-way (100.0±0.0%) and multi-way (98.8±0.2%) model 

validation results. Varmeulen et al. (2013) conducted a study for the identification of the 

ergot bodies in cereal grains using NIR hyperspectral imaging. The sample set containing 

wheat and rye contaminated with ergot bodies was used. The level of contamination 

changed as the number of ergot bodies present in the sample (six, four, and seven ergot 

bodies) varied. Analysis with stereo microscope was used as the reference technique for 

identifying the number of contaminants present. The NIR hyperspectral imaging system 

accurately detected the ergot sample pixels with an accuracy of R
2
= 0.94. The dockage 

identification experiment results in the present study can be compared to the ergots 

identification results of Varmeulen et al. (2013). Application of SNV pre-processing 
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technique to reduce the scattering effect in spectra improved the identification accuracy 

(greater than 94%) of various dockage types from wheat.  

 

Fig. 5.23. Comparison of the identification experiment results from the model 

validation results for the dockage types (Ψ Ψ – statistically similar) 

 Gowen and O‘Donnell (2013) demonstrated the chemometric analysis for 

identification of foreign bodies (plastic shards, glass beads, and rubber fragments) from 

grain kernels (white rice grains and a mixed variety of grains including dehydrated 

legumes) using a pushbroom hyperspectral imaging system operated in the NIR range 

(950-1700 nm). The results suggested that the glass beads had a very low spectral 

response, where even a very low intensity of light was reflected from their surface. The 

plastic, rubber, and the grain samples were identified to have a characteristic strong 

spectral response. Similarly, in the present study the use of hyperspectral imaging system 
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for the classification of non-biological foreign material like stone was proven to be 

appropriate. Among various dockage types the stones being non-biological were 

accurately classified and identified.  

Animal excreta 

The mean classification accuracies and confidence intervals for the identification 

of the presence of each animal excreta (fecal) type individually and in combinations with 

wheat using SNV spectral pre-processing technique and k-NN classifier are given in 

Table 5.6. 
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Table 5.6. Percentage accuracy (average ± confidence interval, %) for the identification of the presence of animal excreta types 

with wheat at different degrees of contamination 

First degree contamination 
     

WF1 WF2 
     

100.0±0.0 100.0±0.0 
     

Second degree contamination 
     

WF1F2 
      

100.0±0.0 
      

W-Wheat, F1- Deer droppings, and F2- Rabbit droppings



 

132 
 

In the both first and second degree of contamination, both deer droppings and 

rabbit droppings were perfectly (100.0±0.0%) classified. These results were statistically 

similar to the model validation results, where both the animal excreta types were 

perfectly (100.0±0.0%) classified. The classification accuracies of the first and the second 

degree contamination of the animal excreta type identification experiment were compared 

with two-way and multi-way model validation classification results and shown in Fig. 

5.24 and Table A 6. The first and second degree contamination identification experiment 

result (100.0±0.0%) for animal excreta was similar to the two-way and multi-way model 

validation result (100.0±0.0%). 

 

Fig. 5.24. Comparison of the identification experiment results from the model 

validation results for the animal excreta types (Ψ Ψ – statistically similar) 
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5.3 Quantification (by Number) of Each Contaminant Type Present with Wheat 

5.3.1 Foreign material 

The mean classification accuracies and confidence intervals for the quantification 

(by number) of the amount of each foreign material type present with wheat in a non-

touching manner using SNV spectral pre-processing technique and k-NN classifier are 

given in Table 5.7. Among all the foreign material types, canola was perfectly classified 

(100.0±0.0%) at all the levels of contamination. This was because the composition of 

canola kernels being an oilseed, were completely different from wheat which is a cereal. 

The flax also an oilseed was almost perfectly classified (>99.2%) at all the levels of 

contamination. The least classification accuracy was observed for quantifying rye at 16% 

contamination (93.2±2.9%) and 12% contamination (93.6±2.1%).
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Table 5.7. Percentage accuracy (average ± confidence interval, %) for the quantification (by number) of the presence of each 

foreign material type with wheat at different degrees of contamination 

No. of wheat kernels replaced with contaminant 

particles (Percentage of contamination) 

0 (0%) 1 (4%) 2 (8%) 3 (12%) 4 (16%) 5 (20%) 

Barley 100.0±0.0 100.0±0.0 96.8±1.1 95.6±1.9 95.2±2.5 95.6±1.9 

Canola 100.0±0.0 100.0±0.0 100.0±0.0 100.0±0.0 100.0±0.0 100.0±0.0 

Maize 97.6±1.3 97.6±1.3 96.0±1.7 94.4±1.3 95.2±3.8 95.2±3.3 

Flax 100.0±0.0 100.0±0.0 100.0±0.0 100.0±0.0 99.2±0.3 100.0±0.0 

Oats 100.0±0.0 100.0±0.0 100.0±0.0 99.6±0.2 99.2±0.3 97.2±0.4 

Rye 99.6±0.8 97.6±2.4 94.4±2.1 93.6±2.1 93.2±2.9 94.0±3.5 

Soybean 100.0±0.0 100.0±0.0 97.6±0.3 97.2±0.3 97.6±0.4 96.8±0.4 
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The overall quantification results of each foreign material type were calculated as 

the average accuracy at all the levels of contamination. This overall quantification results 

was compared with the two-way model validation results using Student‘s t-test and is 

shown in Fig. 5.25 and Table A 7. The canola was accurately quantified (100.0±0.0%) at 

all the levels of contamination and the quantification experiment result was statistically 

similar to the model validation results. The quantification experiment results of flax, oats, 

and soybeans were statistically similar (P > 0.05) to their corresponding two-way model 

validation results. The quantification experiment results of barley, maize, and rye were 

statistically different (P < 0.05) from their corresponding two-way model validation 

results.  

 

Fig. 5.25. Comparison of the classification accuracy of each foreign grain type in the 

quantification (by number) experiment from the model validation two-way 

classification results (Ψ Ψ - statistically similar, Ψ Ӝ - statistically different) 
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5.3.2 Dockage 

The mean classification accuracies and confidence intervals for the quantification 

(by number) of the amount of each dockage type present with wheat in a non-touching 

manner using SNV spectral pre-processing technique and k-NN classifier are given in 

Table 5.8. Among all the dockage types, stones were perfectly classified (100.0±0.0%) at 

all levels of contamination of wheat. This is because the stones are non-biological 

materials and their composition was completely different from biological material like 

wheat. The broken kernels and buckwheat were almost perfectly classified (>99.5%) at 

all the levels of contamination. The least classification accuracy was observed for 

quantifying chaff at 20% contamination (96.0±2.4%) and wheat spikelets at 16% 

contamination (96.4±1.9%) of wheat. 
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Table 5.8.  Percentage accuracy (average ± confidence interval, %) for the quantification (by number) of the presence of each 

dockage type with wheat at different degrees of contamination 

No. of wheat kernels replaced with contaminant 

particles (Percentage of contamination) 

0 (0%) 1 (4%) 2 (8%) 3 (12%) 4 (16%) 5 (20%) 

Broken kernels 100.0±0.0 100.0±0.0 100.0±0.0 98.0±1.3 98.4±1.3 98.4±1.3 

Buckwheat 100.0±0.0 100.0±0.0 100.0±0.0 99.6±0.8 98.4±1.7 99.2±1.6 

Chaff 100.0±0.0 100.0±0.0 100.0±0.0 97.2±1.2 96.8±1.6 96.0±2.4 

Stones 100.0±0.0 100.0±0.0 100.0±0.0 100.0±0.0 100.0±0.0 100.0±0.0 

Wheat spikelets 100.0±0.0 99.2±1.1 98.0±1.3 97.2±1.2 96.4±1.9 98.4±1.3 

Wild oats 100.0±0.0 100.0±0.0 100.0±0.0 98.8±1.2 97.6±1.3 96.8±1.1 
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The overall quantification results of each dockage type were calculated as the 

average accuracy at all the levels of contamination.  This overall quantification results 

was compared with the two-way model validation results using Student‘s t-test and is 

shown in Fig. 5.26 and Table A 8. The stones were accurately quantified (100.0±0.0%) at 

all the levels of contamination and the quantification experiment results were statistically 

similar to the model validation results. The quantification experiment results of broken 

kernels, buck wheat, chaff, and wildoats were statistically similar (P > 0.05) to their 

corresponding two-way model validation results. The quantification experiment result of 

wheat spikelets was statistically different (P < 0.05) from their corresponding two-way 

model validation results.  

 

Fig. 5.26. Comparison of the classification accuracy of each dockage type in the 

quantification (by number) experiment from the model validation two-way 

classification results (Ψ Ψ - statistically similar, Ψ Ӝ - statistically different) 
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5.3.3 Animal excreta 

The mean classification accuracies and confidence intervals for the quantification 

(by number) of the amount of each animal excreta type present with wheat in a non-

touching manner using SNV spectral pre-processing technique and k-NN classifier are 

given in Table 5.9. Both deer and rabbit droppings were perfectly classified 

(100.0±0.0%) at all the levels of contamination of wheat. 



 

140 
 

Table 5.9. Percentage accuracy (average ± confidence interval, %) for the quantification (by number) of the presence of each 

animal excreta type with wheat at different degrees of contamination 

No of wheat kernels replaced with contaminant 

particles (Percentage of contamination) 

0 (0%) 1 (4%) 2 (8%) 3 (12%) 4 (16%) 5 (20%) 

Deer 100.0±0.0 100.0±0.0 100.0±0.0 100.0±0.0 100.0±0.0 100.0±0.0 

Rabbit 100.0±0.0 100.0±0.0 100.0±0.0 100.0±0.0 100.0±0.0 100.0±0.0 
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The overall quantification accuracy of each animal excreta type was calculated as 

the average accuracy at all the levels of contamination. This overall quantification 

accuracy was compared with the two-way model validation results and is shown in Fig. 

5.27 and Table A 9. Both deer and rabbit droppings quantification results were 

statistically similar to the model validation results. It was clear that the composition of 

animal excreta was very different from the plant products like wheat kernels. 

 

Fig. 5.27. Comparison of the classification accuracy of each animal excreta type in 

the quantification (by number) experiment from the model validation two-way 

classification results (Ψ Ψ – statistically similar) 
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6. CONCLUSIONS 

This thesis work was conducted to develop a procedure to classify different 

contaminant types from wheat using NIR hyperspectral imaging and to conduct the 

performance evaluation of the developed procedure. Hyperspectral imaging has proven to 

be a highly accurate technique for quality assessment of food and agricultural products as 

the data acquired using this technique contain adequate information about the properties 

of the sample. Depending on the equipment availability and the type of study it is 

intended for, hyperspectral data can be acquired using different imaging modes, systems 

and wavelength ranges. The hyperspectral data can be affected by various environmental 

and equipment factors. Spectral pre-processing techniques are generally used alone or in 

combinations to reduce these effects. As the hyperspectral imaging provides a massive 

amount of data, exploratory data analysis techniques like PCA can be used to extract the 

valuable data subsets that contain most of the information. Hyperspectral data can be 

explored for qualitative properties of the sample using discriminant analysis techniques 

(QDA, LDA and PLS-DA) or for quantitative properties using regression analysis 

techniques (PCR and PLSR) or for both using advance chemometric techniques (SVM, 

NB, and ANN). The initial objectives were conducted with an aim to develop a 

classification model using spectral preprocessing technique and statistical classifier to 

accurately classify and differentiate seven foreign material types (barley, canola, maize, 

flaxseed, oats, rye, and soybean); six dockage types (broken wheat kernels, buckwheat, 

chaff, wheat spikelets, stones, and wild oats); and two animal excreta types (deer and 
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rabbit droppings) from Canada Western Red Spring (CWRS) wheat using NIR 

hyperspectral imaging.  

Among the foreign materials, canola was most accurately classified and oats were 

the least accurately classified from wheat using different combinations of spectral pre-

processing and statistical classification techniques. When the raw NIR reflectance spectra 

were used the SVM, NB, and k-NN classifiers gave classification accuracies of 

79.0±0.8%, 60.9±0.8%, and 90.1±0.6%, respectively for the classification of all the 

foreign material types from wheat. The SNV spectral pre-processing technique with the 

k-NN classifier was the best combination of spectral pre-processing and statistical 

classification techniques for the classification of all the foreign material types from 

wheat.  

Among the dockage types, the stones were the most and broken wheat kernels 

were the least accurately classified from wheat using different combinations of spectral 

pre-processing and statistical classification techniques. When the raw NIR reflectance 

spectra were used the SVM, NB, and k-NN classifiers gave the classification accuracy of 

83.6±0.7%, 62.6±0.8%, and 91.7±0.5%, respectively for the classification of all the 

dockage types from wheat. The SNV spectral pre-processing technique with the SVM 

classifier or the first derivative and SNV spectral pre-processing techniques with the k-

NN classifier were the best combinations of spectral pre-processing and statistical 

classification techniques for the classification of all the dockage types from wheat.  

Among the animal excreta types, the deer droppings were the most and the rabbit 

droppings were the least accurately classified from the wheat using different 



 

144 
 
 

combinations of spectral pre-processing and statistical classification techniques. When 

the raw NIR reflectance spectra were used the SVM, NB, and k-NN classifiers gave the 

classification accuracy of 100.0±0.1%, 99.6±0.5%, and 99.9±0.1%, respectively for the 

classification of all the animal excreta types from wheat. The MSC and SNV spectral pre-

processing techniques with the SVM classifier or the first derivative, MSC, and SNV 

spectral pre-processing techniques with the k-NN classifier were the best combinations of 

spectral pre-processing and statistical classification technique for the classification of all 

the animal excreta types from wheat. The SNV spectral pre-processing technique with the 

k-NN classifier is the best combination of spectral pre-processing and statistical 

classification technique for the classification of any studied contaminant from the wheat. 

The later objectives of the study were conducted to test the performance of the 

best performing classification model (SNV spectral pre-processing technique and k-NN 

classifier) using NIR hyperspectral imaging to differentiate seven foreign material types 

(barley, canola, maize, flaxseed, oats, rye, and soybean); six dockage types (broken wheat 

kernels, buckwheat, chaff, wheat spikelets, stones, and wild oats); and two animal excreta 

types (deer and rabbit droppings) from Canada Western Red Spring (CWRS) wheat. The 

overall classification accuracies to identify foreign material types present with wheat 

during first and seventh degree of contamination were 97.6±1.6% and 92.5±6.5%, 

respectively. The overall classification accuracies to identify dockage types present with 

wheat during first and sixth degree of contamination were 98.0±1.8% and 94.3±6.2%, 

respectively. The overall classification accuracy to identify animal excreta type present 

with wheat during both first and second degree of contamination was 100.0±0.0%. The 
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identification experiment results were statistically similar to model validation results at 

all the levels of contamination for the three contaminant types. 

Among all the foreign material types, canola was perfectly quantified (by number) 

(100.0±0.0%) from wheat at all the percentages of contamination. The least classification 

accuracy was for quantifying rye at 16% contamination (93.2±2.9%) and 12% 

contamination (93.6±2.1%). Among all the dockage types, the stones were perfectly 

quantified (by number) (100.0±0.0%) from wheat at all the percentages of contamination. 

The least classification accuracy was for quantifying chaff at 20% contamination 

(96.0±2.4%) and wheat spikelets at 16% contamination (96.4±1.9%). Both the animal 

excreta types, deer and rabbit droppings were perfectly quantified (100.0±0.0%) at all the 

levels of contamination in wheat. The quantification experiment results were statistically 

similar to the model validation results for canola, flax, oats, and soybeans and statistically 

different for barley, maize, and rye. The quantification experiment results were 

statistically similar to the model validation results for stones, broken kernels, buck wheat, 

chaff, and wildoats and statistically different for wheat spikelets. Both deer and rabbit 

droppings quantification experiment results were statistically similar to the model 

validation results. Therefore, the results from this study prove that the classification 

model using SNV spectral pre-processing technique and k-NN classifier can accurately 

identify and quantify various contaminants from wheat. 
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7. RECOMMENDATIONS FOR FUTURE STUDY 

The present study provided a detailed insight into the ability of the hyperspectral 

imaging to solve complex quality issues of food and biological materials. Various 

contaminants present in wheat were successfully identified using a NIR hyperspectral 

imaging system. The classification model using spectral pre-processing technique and 

statistical classifier was developed and tested to successfully detect the non-touching 

contaminant and grain particles. But in general the contaminant particles are present in a 

touching manner in grain bulks. To make the system more realistic, the primary 

recommendation for the future study is to develop and test similar classification for 

touching particles.  

Hyperspectral imaging is a combination of image processing and spectroscopy 

techniques. When a three dimensional (XYZ) hypercube is analyzed along with a two 

dimensional spatial plane (XY) the image function of the hypercube is tested and when 

analyzed along the perpendicular spectral plane (Z) the spectral function of the hypercube 

is tested. In this study, only spectral function of the hypercube was used for 

differentiating various contaminants from wheat. It is recommended that the image 

function of the hypercube should also be used to develop a more effective classification 

model. 

The NIR area-scan camera used in this study generally helps to acquire images 

from the stationary objects. In this case, the contaminant particles and wheat kernels were 

placed right below the camera (field of view). Although there are few drawbacks using 
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this system like continuous exposure of sample to the illumination and incapability of 

using it in the real-time application, use of area-scan camera helps to prove the ability of 

hyperspectral imaging system to solve complex grain quality assessment problems. Use 

of push-broom imaging system can further broaden the application of hyperspectral 

imaging system, as it can acquire images of moving objects. Pushbroom imaging system 

was extensively used to evaluate the grade and quality of various food and agricultural 

products (Rodríguez-Pulido et al., 2013; Foca et al., 2013; Huang et al., 2012; 

McGoverin et al., 2011; Xing et al., 2011; Haff and Jackson, 2008). Application of 

pushbroom hyperspectral imaging system for the identification and quantification of 

various contaminant particles from primary grain kernels like wheat would make it 

possible to extend the hyperspectral imaging to the grain handling industries. In the 

recent years, hyperspectral imaging systems advancement can be seen in the area of 

imaging wavelength range (might include visible, NIR, and UV ranges), sensor type 

(charge-coupled device (CCD), complementary metal–oxide–semiconductor (CMOS), 

InGaAs, Mercury Cadmium Telluride (MCT), and Indium Antimonide (InSb)), pixel 

resolution (as low as 3.3 nm), interface, frame rate (as high as 800 Hz), and spectral 

binning (Specim, 2015). Use of these improved imaging systems could not only improve 

the image quality and spectral resolution, but also reduce the processing time, which 

could make this technique more practical for use in high speed industrial process lines 

with further research.  

Jian et al. (2014a) compared two different sampling methods (manual probe 

sampling and Insector 
®
 trap system) for detecting rusty grain beetles, Cryptolestes 

ferrugineus (Stephens) and estimating the density of adult insects in wheat grain. From 
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this study, it was found that the adult insect could be detected by Insector
®

 trap system 

within 6 h after adults were introduced into the system. It was also understood that larger 

samples (ten 15 kg samples for 50 t wheat) were required to detect the existence of 

insects. Jian et al. (2014b) further extended the previous study and conducted the 

computer simulation to determine the accurate sampling size for detecting the insects 

with different insect densities (0.1, 0.5, 1.0, 2.5, 5.0, and 10.0 adults/kg of grain) and 

distribution systems (uniform or clumped). From the analysis it was found that when the 

sample size and densities were not chosen correctly the characterization of insect 

distribution can be negatively influenced. Hence in this case it would be ideal to acquire 

and analyse large (continuous analysis) sample size to increase the accuracy of insect 

determination. In the past, the hyperspectral imaging system was successfully used to 

detect insect infestation in cereal grains (Kaliramesh et al., 2013; Singh et al., 2009). Use 

of continuous hyperspectral imaging system to detect the insects could be an effective 

alternative and high accuracy technique for analysing large insect infested sample sizes.  

The present study was conducted by applying hyperspectral imaging in the NIR 

region for the classification of various contaminant types from wheat. Ability of 

hyperspectral imaging can be improved by acquiring images in the extended 

electromagnetic spectra. Widening imaging wavelength range may make it possible to 

detect additional chemical components of the sample in the spectra with further research. 

This in turn could help in identifying contaminant particles with much closer chemical 

composition. The use of hyperspectral imaging in the visible and NIR range (Zhu et al., 

2013; Siripatrawan et al., 2011; Gowen et al., 2009; Polder et al., 2005; Xing et al., 2005) 

or extended IR range (NIR and mid IR or far IR) (Pierna et al., 2012; Xing et al., 2011; 
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Xing et al., 2009; Tøgersen et al., 2003) were successfully used for evaluating various 

food quality parameters. Extending of hyperspectral imaging wavelength range into 

visible region provides certain advantages like use of the visible range images for 

acquiring certain addition details like colour, morphological, and textural features 

(Majumdar and Jayas, 2000 a, b, c, and d; Paliwal et al., 2003, 2005). We should also 

keep in mind that the NIR range images when converted digitally can also help to acquire 

certain morphological features.  

García-Allende et al. (2011) addressed two major technological challenges with 

respect to the application of hyperspectral imaging system for the sorting of raw materials 

and processed product quality control. They improved the actual image acquisition 

system and spectral interpretation methodologies by using high brightness 

supercontinuum light sources like Light Emitting Diodes (LED) to reduce the image 

acquisition time. The high-level classification algorithms like the ANN were 

recommended for improving the classification accuracy and algorithms like Fisher Linear 

Discriminant Analysis (FLD) and Spectral Angle Mapper (SAM) were suggested for the 

reducing the speed of analysis.    

For developing a robust classification model, the entire available wavelength 

cannot be used, as most of these wavelengths may not be significantly important. Use of 

the entire spectra in the model development might reduce the classification accuracy. To 

avoid this, use of exploratory data analysis technique like PCA or ICA for reducing the 

dimensionality of the data can help to identify the most significant wavelengths and in 

turn increase the model performance. 
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This current study relies only on the spectral information of the hyperspectral 

images for classifying various contaminant particles from wheat kernels based on number 

of particles. This number basis can be readily used for developing grain cleaning system, 

where accurate identification impurities before and after cleaning is of prime importance 

and optimization can be done using this information. Although an effective grain 

cleaning unit can be developed from this study, identifying grain grades is a much 

difficult objective. An automatic grain grade identification system can reduce time and 

efforts of the grain graders and improve their decision making ability. The CGC sets 

standards for grading various grain types based on the amount of foreign materials on 

weight basis. For instance, the CWRS wheat with 0.4, 0.75, 1.25, and 5% (weight basis) 

foreign materials are graded as #1, 2, 3, and feed grade, respectively. Expanding of the 

present number basis quantification to weight basis quantification, further work with 

respect to the development of correlation between the contaminant and grain dimensions 

and weight is required. One way of achieving this would be using spatial properties of the 

hyperspectral images. Multiple imaging systems can be used for acquiring images of 

contaminant particles and wheat kernels in two dimensions (area on horizontal plane and 

height in the vertical plane) to determine the volume of the particles. Later this volume 

can be correlated with the weight of individual particles. To reduce overall variance, it is 

important to have a larger data size for developing such correlations. In this kind of 

analysis, the accuracy of determining the quantity on weight basis using hyperspectral 

imaging primarily depends on the accuracy of correlation between volume and weight of 

the kernels. Although, this entire system would be much harder to build, it is still 

achievable.  
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Table A 1. Multi-way classifications (%) of all the foreign material types and wheat 

using different spectral pre-processing and statistical classification techniques 

Statistical 

classifier 

NIR reflectance 

spectra  

First 

derivative 

Second 

derivative 

SG smoothing 

and derivative 

MSC SNV 

SVM 79.0±0.8 44.2±1.4 36.3±1.2 78.3±0.9 97.6±1.1 98.3±0.5 

NB 60.9±0.8 91.9±0.3 87.9±0.8 60.5±0.8 91.0±1.8 87.2±0.5 

k-NN 90.1±0.6 97.8±0.3 95.6±0.4 89.9±0.5 96.7±0.6 98.3±0.2 

Abbreviations- NIR: Near-Infrared, SG: Savitzky-Golay, MSC: Multiplicative Scatter Correction, SNV: 

Standard Normal Variate, SVM: Support Vector Machines, NB: Naïve Bayes, and k-NN: k-Nearest 

Neighbor 

 

 

Table A 2. Multi-way classifications (%) of all the dockage types and wheat using 

different spectral pre-processing and statistical classification techniques 

Statistical 

classifier 

NIR reflectance 

spectra  

First 

derivative 

Second 

derivative 

SG smoothing 

and derivative 

MSC SNV 

SVM 83.6±0.7 44.6±2.0 43.5±0.9 83.4±0.5 90.0±0.8 98.9±0.4 

NB 62.6±0.8 94.0±0.8 90.5±0.9 61.9±0.9 83.9±1.2 83.4±0.6 

k-NN 91.7±0.5 99.3±0.1 97.8±0.3 90.5±0.6 89.8±1.6 98.9±0.2 

Abbreviations- NIR: Near-Infrared, SG: Savitzky-Golay, MSC: Multiplicative Scatter Correction, SNV: 

Standard Normal Variate, SVM: Support Vector Machines, NB: Naïve Bayes, and k-NN: k-Nearest 

Neighbor 
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Table A 3. Multi-way classifications (%) of all the animal excreta types and wheat 

using different spectral pre-processing and statistical classification techniques 

Statistical 

classifier 

NIR reflectance 

spectra  

First 

derivative 

Second 

derivative 

SG smoothing 

and derivative 

MSC SNV 

SVM 100.0±0.1 70.1±1.7 61.1±1.3 100.0±0.1 100.0±0.0 100.0±0.0 

NB 99.6±0.5 99.2±0.2 96.5±0.6 98.7±0.5 98.5±0.8 99.7±0.2 

k-NN 99.9±0.1 99.9±0.1 99.5±0.2 99.9±0.1 100.0±0.0 100.0±0.0 

Abbreviations- NIR: Near-Infrared, SG: Savitzky-Golay, MSC: Multiplicative Scatter Correction, SNV: 

Standard Normal Variate, SVM: Support Vector Machines, NB: Naïve Bayes, and k-NN: k-Nearest 

Neighbor 
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Table A 4. Comparison of the identification experiment results and the model 

validation results for the foreign material types using Student’s t-test 

Classification accuracy Degree of contamination 

First degree Seventh degree 

Model validation result 99.9±0.1 98.3±0.2 

Identification experiment result 97.9±2.9 92.5±6.5 

P-value 0.22 0.12 

Student’s t-test at 5% level of significance 

 

 

 

 

 

Table A 5. Comparison of the identification experiment results and the model 

validation results for the dockage types using Student’s t-test 

Classification accuracy Degree of contamination 

First degree Sixth degree 

Model validation result 100.0±0.0 98.9±0.2 

Identification experiment result 98.3±2.1 94.3±6.2 

P-value 0.18 0.18 

Student’s t-test at 5% level of significance 
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Table A 6. Comparison of the identification experiment results and the model 

validation results for the animal excreta types using Student’s t-test 

Classification accuracy Degree of contamination 

First degree Second degree 

Model validation result 100.0±0.0 100.0±0.0 

Identification experiment result 100.0±0.0 100.0±0.0 

P-value - - 

Student’s t-test at 5% level of significance 
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Table A 7. Comparison of the quantification (by number) experiment results and 

the model validation two-way classification results for each foreign material type 

using Student’s t-test 

Classification 

accuracy 

Barley Canola Maize Flax Oats Rye Soybean 

Model 

validation 

result 

100.0±0.1 100.0±0.0 99.6±0.1 100.0±0.0 100.0±0.0 99.7±0.2 100.0±0.0 

Identification 

experiment 

result 

97.2±1.2 100.0±0.0 96.0±2.1 99.9±0.0 99.3±0.1 95.4±2.3 98.2±0.2 

P-value 0.03 - 0.00 0.36 0.18 0.01 0.08 

Student’s t-test at 5% level of significance 

 

Table A 8. Comparison of the quantification (by number) experiment results and 

the model validation two-way classification results for each dockage type using 

Student’s t-test 

Classification 

accuracy 

Broken 

kernels 

Buckwheat Chaff Stones Wheat 

spikelets 

Wildoats 

Model validation 

result 

100.0±0.0 100.0±0.0 99.9±0.1 100.0±0.0 99.8±0.1 100.0±0.0 

Identification 

experiment result 

99.1±0.7 99.5±0.7 98.3±0.9 100.0±0.0 98.2±1.1 98.9±0.6 

P-value 0.08 0.13 0.09 - 0.03 0.10 

Student’s t-test at 5% level of significance 
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Table A 9. Comparison of the quantification (by number) experiment results and 

the model validation two-way classification results for each animal excreta type 

using Student’s t-test 

Classification accuracy Deer droppings Rabbit droppings 

Model validation result 100.0±0.0 100.0±0.0 

Identification experiment result 100.0±0.0 100.0±0.0 

P-value - - 

Student’s t-test at 5% level of significance 


