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Abstract
A long- term goal of breeders and researchers is to develop crop varieties that can 
resist environmental stressors and produce high yields. However, prioritising 
yield often compromises improvement of other key traits, including grain quality, 
which is tedious and time- consuming to measure because of the frequent involve-
ment of destructive phenotyping methods. Recently, non- destructive methods 
such as hyperspectral imaging (HSI) have gained attention in the food industry 
for studying wheat grain quality. HSI can quantify variations in individual grains, 
helping to differentiate high- quality grains from those of low quality. In this re-
view, we discuss the reduction of wheat genetic diversity underlying grain quality 
traits due to modern breeding, key traits for grain quality, traditional methods for 
studying grain quality and the application of HSI to study grain quality traits in 
wheat and its scope in breeding. Our critical review of literature on wheat domes-
tication, grain quality traits and innovative technology introduces approaches 
that could help improve grain quality in wheat.
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1  |  INTRODUCTION

The world is facing a serious problem with the loss of 12 mil-
lion hectares of arable land annually, primarily due to unsus-
tainable agricultural practices. This issue is affecting almost 
1 billion people in approximately 100 countries and threat-
ening a large- scale food crisis (GEF, 2022). Maintaining food 
security is a daunting challenge in the face of such a crisis. 
Wheat is an essential source of calories and protein for ap-
proximately 20% of the global population, with demand 
for wheat set to increase 60% by 2050. In low- income food- 
deficit countries, the gap between wheat export and import 
has increased significantly in the last two decades, with im-
port values skyrocketing in recent years (Figure 1). This has 
led many developing countries to subsidise wheat products 
to stabilise prices, putting further pressure on availability 
and costs (Enghiad et al., 2017).

The demand for wheat is also increasing due to its high 
grain protein content and adaptability to grow in diverse 
environments (Reynolds et al.,  2022). Although global 
wheat yield has increased in recent decades, the over-
all cultivated area has not (Figure 1). Traditionally, high 
wheat yield has been achieved through increased nitro-
gen fertilisation, but this has significant environmental 
costs, such as releasing harmful greenhouse gases into the 
atmosphere and damaging waterways and soil (Foulkes 
et al., 2009). Therefore, it is crucial to increase wheat yield 

per unit area of land without a commensurate increase 
in the use of nitrogen fertiliser. While increasing yield is 
critical, maintaining grain quality also presents significant 
challenges, as conventional methods for studying grain 
quality are destructive and labour- intensive. Nonetheless, 
emerging non- destructive high- throughput phenotyping 
techniques, such as hyperspectral imaging (HSI)— an ap-
proach that combines near infrared spectroscopy and a 
broad- spectrum camera to detect spectral and spatial in-
formation of objects— provide new opportunities for im-
proving grain quality.

Recent reviews have focused on the use of HSI to inves-
tigate quality characteristics in cereals, including wheat 
(Caporaso et al.,  2018b), wheat grain protein estimation 
(Ma et al., 2022), quality assessment at different stages of 
supply chain (Karmakar et al., 2022), application of HSI 
in plant phenotyping (Sarić et al., 2022) and comparison 
of HSI with near infrared spectroscopy to investigate qual-
ity characteristics (Tahmasbian et al., 2021). In contrast, 
we will discuss in this review how the loss of genetic di-
versity in modern wheat breeding could have led to selec-
tion against grain quality and key traits that influence the 
nutritional value of wheat. Additionally, we will discuss 
techniques used commonly to study grain quality along 
with their limitations and introduce HSI as an emerging 
high- speed non- destructive technique that can improve 
the capability of plant breeding to improve grain quality 

F I G U R E  1  Wheat worldwide statistics from 1961 to 2020. (a) Wheat yield per unit area has significantly increased since 1960s given that 
the harvested area has not changed. (b) Asia and Europe produce more than 50% of the global wheat. (c) Top five wheat producing countries 
are all developed countries. (d) Top wheat importers are mostly developing countries which further puts a negative pressure on their 
economies. (e) In the last two decades, wheat imports by low- income food deficit countries have massively increased whereas their exports 
have not changed. Figure is generated with data from FAOSTAT (FAO, 2022).
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while sustaining yield gains. In doing so, we aim to pro-
vide a unique resource that improves our understanding 
of how traditional grain quality phenotyping methods can 
be replaced by non- destructive techniques that could help 
improve wheat grain quality.

1.1 | Loss of genetic diversity during 
domestication and modern wheat breeding

The domestication of wheat started nearly 10,000 years ago 
with the diploid einkorn and tetraploid emmer, and today 
the most widely grown wheat includes Triticum durum 
(Maccaferri et al., 2019), while the most widely cultivated 
hexaploid wheat is T. aestivum, which was created through 
hybridisation of wild emmer with Aegilops tauschii (Mat-
suoka & Nasuda, 2004; McFadden & Sears, 1946). While 
domestication led to the selection of favourable traits for 
cultivation, a major loss in genetic diversity occurred 
during modern breeding. Breeding focused on select-
ing genes that influence traits of agricultural value such 
as free- threshing grain, plant architecture, vernalisation, 
photoperiod- dependent flowering and grain protein con-
tent, resulting in reduced genetic diversity of modern 
wheats. Recent research revealed that modern bread 
wheat varieties have lost an average of 21.8% nucleotide 
diversity over the past two centuries of breeding improve-
ment, with the loss distributed randomly among the A, B 
and D sub- genomes (Pont et al., 2019). The Green Revo-
lution, which introduced Reduced height (Rht) genes that 
result in shorter plants with increased grain production 
may have contributed to this diversity loss (Smale, 1997), 
potentially limiting the genetic potential for improving 
other key traits, including grain quality. Therefore, it is 
essential to explore and utilise diverse germplasms to en-
hance crop quality and production. Global collaborations 
such as the Global Durum Wheat Panel (Mazzucotelli 
et al.,  2020), recently sequenced collection of D subge-
nome progenitor A. tauschii ranging from Western Asia to 
China (Gaurav et al., 2022), and the global A. E. Watkins 
landrace collection (Miller et al., 2001) provide opportu-
nities for improving wheat grain quality by incorporating 
diverse germplasms.

2  |  KEY GRAIN QUALITY 
INDICATORS IN WHEAT

Wheat is the oldest and most important cereal crop, with 
bread wheat used for flour and durum wheat for pasta. 
Nearly 20% of the total caloric and protein intake world-
wide relies on wheat- based products, making it a sig-
nificant source of carbohydrates, proteins, fats, fibres, 

essential mineral nutrients and vitamins (FAO,  2022). 
Improving quality of wheat grains is, therefore, critical as 
they provide a significant proportion of the global caloric 
needs. In this section, the phenotypic traits that play key 
roles in determining the grain quality and their nutritional 
value will be discussed.

Grain quality is determined by a range of characteris-
tics, which can be broadly classified into morphological, 
technological and physiochemical indicators (Figure  2). 
Technological and physiochemical indicators, such as 
grain protein content and Hagberg falling number, are 
particularly important because they play a significant role 
in determining the rheological properties, such as viscos-
ity, elasticity and extensibility of flour and dough.

2.1 | Morphological indicators of 
grain quality

A typical wheat grain is between 4 and 8 mm in length 
and weighs 35– 55 mg, consisting of the pericarp, aleurone 
layer, endosperm, and germ or embryo. Flour extraction 
and quality are determined by the ratio of these compo-
nents. The milling process involves removing the aleu-
rone and pericarp to form bran, then removing the germ 
to produce white flour from the pure endosperm. There-
fore, it is crucial to consider the morphological indicators 
of wheat quality such as grain size and shape to ensure the 
milling process is efficient.

Larger grain size and spherical shape are desirable 
features that have been selected for in modern cultivars 
(Gegas et al.,  2010). Grain size is also associated with 
chemical characteristics of flour, such as protein content 
and hydrolytic enzyme activity, which affect baking qual-
ity and end- use suitability (Evers,  2000). Larger grains 
have a smaller husk fraction and therefore high percent 
protein.

Black point is a dark discolouration at the germ end of 
the grain and is considered a negative indicator of quality. 
The causes are not fully established, but it has been associ-
ated with abiotic stresses such as high humidity or extreme 
temperatures during grain fill (Clarke et al., 2004; Kumar 
et al., 2002) or fungal infections (Conner & Kuzyk, 1988; 
Jacobs & Rabie, 1987). However, a study of 12 grain sam-
ples reported that black point had no significant effect on 
the baking or bread- making quality (Rees et al., 1984).

2.2 | Technological indicators of 
grain quality

Grain quality indicators such as moisture content, test 
weight, grain weight and grain hardness are vital for the 
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food industry, as they determine the storage potential, 
yield, durability and crumb structure of bread. These 
traits are genetically regulated and heritable (Barnard 
et al., 2002; Taneva et al., 2019) and are the focus of breed-
ing programs for their improvement.

Moisture content is an essential quality indicator in 
grain trading, storage, processing and when comparing 
the grade of different samples. Either a maximum or a 
range of moisture content is stated in trading contracts, 
and cost penalties may be incurred if it falls outside speci-
fied levels. The International Organization of Standardiza-
tion (ISO 7970- 2021) sets a limit of 14.5% for wheat grain 
moisture content. However, different moisture contents 
may be required for specific destinations, depending on 
climate, transportation duration and storage conditions. 
Moisture content above 18% can significantly reduce the 
number of weeks for mould- free grain storage (Gedye 
et al.,  1981). Besides storage, moisture content affects 
the mechanical properties of grains and production costs 
(Ahmed et al., 2015). Higher moisture content strength-
ens the gluten network and enhances its sorption capacity 
(Warechowska et al., 2016).

Test weight is the weight per specific volume of wheat 
and is often used as a quality indicator for soft winter 
wheat, as it can predict potential flour yield. However, 
various factors, including moisture content, grain size, 

damage, shrunken or broken grains, wetting and drying, 
and the milling process, can affect the test weight (Schuler 
et al., 1995). It is, therefore, not a reliable indicator of flour 
yield or milling quality. The test weight of wheat varies 
depending on the climate and region of growth.

Grain weight is a complex trait influenced by genetic 
and environmental factors. It is an important indicator of 
quality and an integral yield component. The genetics of 
grain weight are complex, as it is a polygenic trait compris-
ing many subcomponents, including grain length, width, 
height, filling rate and carpel size (Brinton & Uauy, 2019). 
The connection between carpel size and final grain weight 
is based on the fact that potential grain weight is related 
to the size of the ovary (Reale et al., 2017). Grain weight 
shows variation across different genotypes, within a sin-
gle genotype or even within a single spike. It is a more 
accurate guide of flour yield than test weight as it shows 
the efficiency with which a grain has been filled (Wang & 
Fu, 2020).

Grain hardness is an essential quality indicator that 
relates to the endosperm structure and the way it breaks 
during milling. Endosperms of hard wheat offer con-
siderable resistance to the crushing action of mill rolls, 
retain a discrete granular shape of particles that have uni-
form sizes, and provide a free- flowing flour that is easily 
sieved. By contrast, soft endosperm breaks up easily into 

F I G U R E  2  Wheat grain quality 
traits. The factors which determine 
wheat grain quality can be classified 
into morphological, technological and 
physiochemical characteristics. The 
figure demonstrates different parameters 
involved in each category and how 
they affect the grain in terms of quality, 
milling performance, yield stability and 
nutritional and health properties. For 
simplification, all the effects of each 
category have been presented together, for 
example, the effects of gain length, width, 
thickness and length/width ratio have 
been put collectively under the category 
of morphological characteristics. Their 
details are described in the text separately 
(Created with BioRe nder.com).
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irregular particles that vary widely in size (Turnbull & 
Rahman, 2002). Grinding hard wheat requires higher en-
ergy costs due to an increase in grinding energy consump-
tion (Dziki & Przypek- Ochab, 2009).

The Hagberg Falling number (HFN) is a significant in-
dicator of grain quality in wheat and other cereals, widely 
used in worldwide grain trade. It assesses flour quality and 
estimates damage caused by excessive α- amylase activity 
from preharvest sprouting (Hagberg,  1960). The HFN 
is typically determined by creating a slurry of flour and 
water with a known ratio, and then measuring the den-
sity of the mixture indirectly. This is done by dropping a 
metal object of known weight into the mixture and tim-
ing how long it takes to reach the bottom of the container. 
Shorter times indicate higher degrees of starch hydrolysis, 
which can have a negative impact on breadmaking quality 
(Newberry et al., 2018). High α- amylase is associated with 
sticky dough and poor crumb structure (Kim et al., 2006). 
The enzyme hydrolyses long- chained starch molecules 
into simpler glucose and maltose sugars, which occurs 
due to excess rainfall signalling the embryo to germinate 
(Kandra, 2003). External factors, particularly rainfall, af-
fect α- amylase activity and ultimately HFN. Grains with 
low HFN have lower test weight and are considered dam-
aged grains (Halverson & Zeleny,  1988). Wheat samples 
with HFN >350 s are preferred as quality samples, while 
those with HFN <250– 275 s are considered damaged and 
often discounted (Hareland, 2003). Care should be taken 
while selecting samples from batches for estimating HFN 
because batches are typically bimodal. For instance, in a 
study of 425 wheat samples, 53 samples had HFN <150 s 
while 372 had >150 s (Caporaso et al.,  2017). Therefore, 
emerging phenotyping techniques that evaluate heteroge-
neity across single grains, such as hyperspectral imaging, 
become of great importance.

In conclusion, technological indicators of grain quality 
play an essential role in the food industry. Grain moisture, 
weight, hardness and falling number are key parameters 
for quality control and indicate storage potential, yield po-
tential, durability and crumb structure of bread. However, 
these traits are influenced by genes and the environment, 
and storage conditions, temperature and rainfall can affect 
the quality of the grain. Improving these technological 
traits through breeding and genetic modification is essen-
tial to maintain and improve quality and ensure a consis-
tent supply of high- quality grain for the food industry.

2.3 | Physiochemical indicators of 
grain quality

Wheat grains are made up of 85% carbohydrates and 10– 
15% proteins, with 80% of the carbohydrates being starch. 

The other 15% is composed of low molecular weight 
sugars and fructans, as well as dietary fibres (Shewry & 
Hey, 2015) (Figure 3). These components are important in 
determining wheat grain quality.

Starch is made up of two glucose polymers, and it is the 
main source of dietary carbohydrates. It plays an import-
ant role in breadmaking, as wheat, barley and rye starches 
have similar properties that produce satisfactory bread 
(Hoseney et al., 1969). The physicochemical properties of 
starch, such as crystallinity and granule size distribution, 
can affect the quality of bread (Cauvain, 2012). Some of 
the starch escapes digestion in the small intestine, known 
as resistant starch, which is associated with a reduced risk 
of colorectal cancer (Humphreys et al., 2014) and insulin 
sensitivity (Lobley et al., 2013).

Dietary fibres such as arabinoxylan, β- glucan, fruc-
tans, lignin and resistant starch (Stone & Morell,  2009) 
are cell wall polysaccharides present in the pericarp of 
wheat. They help to prevent a variety of diseases, includ-
ing blood pressure, hypertension, type- 2 diabetes, stroke, 
constipation, colorectal cancer and colon cancer (Shewry 
& Hey,  2015). Wholegrains are a good source of dietary 
fibre, vitamins, minerals and phytochemicals, which can 
contribute to protective effects as compared to refined 
grains (Slavin,  2003). The composition of dietary fibres 
differs between wholegrain and white flour, with the latter 
containing mostly arabinoxylan and β- glucan (Andersson 
et al., 2013).

Lipids are present in wheat grain, usually in minor 
quantities (2– 4%), and are concentrated in the germ. 
They can be broadly separated into two classes, nonpo-
lar and polar lipids, both of which are present in flour in 
roughly equal quantities. Nonpolar lipids are considered 
to have a negative effect on loaf volume, while polar lip-
ids are thought to be beneficial to bread quality (Pyler 
& Gorton,  2008). As lipids are very surface- active com-
pounds, they can be involved with gas bubble stabilisation 
mechanisms in dough, but it is unclear if their surface- 
active nature is competitive enough in dough making 
(Cauvain, 2012).

Grain protein content (GPC) is important for the qual-
ity of bread and pasta, and typically makes up 10– 15% 
of the grain's dry weight (Shewry & Hey,  2015). Protein 
quantity as well as quality are crucial for breadmaking, 
as both polymeric proteins (glutenins) and monomeric 
proteins (gliadins) contribute to dough's viscoelastic 
properties. Studies have shown that higher protein con-
tent improves the quality of bread and pasta, as it makes 
the dough more cohesive and stronger, able to hold more 
carbon dioxide (Cauvain,  2012). While all components 
of grain contribute to flour and product value, protein 
quantity and quality remain major factors for high- quality 
bread. However, efforts to increase GPC have led to lower 
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grain yields, which is undesirable for breeding programs. 
Some increase in GPC can be achieved through increasing 
nitrogen fertiliser application, but this strategy is not only 
expensive but can contaminate the soil (Giles, 2005) and 
raise health concerns (Ward,  2009). Despite progress in 
understanding the genetic basis of GPC regulation (Distel-
feld et al., 2004; Uauy, Brevis, & Dubcovsky, 2006; Uauy, 
Distelfeld, et al.,  2006), not many commercial cultivars 
with desirable GPC and amino acid profile are introduced. 
Deviation from the negative relationship between GPC 
and yield, also known as grain protein deviation (GPD), 
has been proposed as a potential criteria to select yield 
and GPC simultaneously (Bogard et al., 2010), with some 
promise shown in hybrid wheat (Thorwarth et al., 2018). 
However, research into GPD is still limited and therefore, 
producing cultivars with GPC and yield balance remains a 
challenge for breeders.

In conclusion, the physiochemical indicators of grain 
quality, including starch, dietary fibres, lipids and protein 
content, are crucial in determining the quality of grain 
and its products. Although there have been attempts to 
increase protein content, the quality of protein is vital for 

improving bread quality. In the following section, we will 
delve into the major proteins found in wheat and their 
roles in the structural and nutritional properties of bread.

3  |  MAJOR PROTEINS IN WHEAT 
GRAIN

Wheat proteins can be classified into albumin, globulin 
and gluten based on their solubility in different aqueous 
solutions (Shewry, D'Ovidio, et al., 2009). Gluten proteins 
constitute 85– 90% of the total proteins while albumin and 
globulin make up the remaining 10– 15% (Figure 3).

3.1 | Gluten proteins in wheat and their 
role in breadmaking

Gluten proteins, comprising gliadin and glutenin, play 
key roles in grain quality (Shewry, 2019). Gliadin gener-
ally occurs as a heterogeneous mixture of single- chain 
polypeptide subunits (Wieser,  2007), while glutenin 

F I G U R E  3  An illustration of wheat grain and its physiochemical properties. A mature grain contains ~85% carbohydrates and ~10– 15% 
proteins. The majority proportion of carbohydrates is starch and that of proteins is gluten. High protein wheat often comes with a trade- off 
of low starch. Lipid content is present in a very small quantity (1– 3%) in the germ part of the grain (Created with BioRe nder.com).
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occurs as multi- chained proteins (Wieser et al., 2006). The 
structure of gliadins contains an N- terminal domain with 
repetitive amino acid sequences rich in proline, glutamine 
and phenylalanine, and a C- terminal domain (Grosch & 
Wieser, 1999). Both gliadins and glutenins are enriched for 
proline and glutamine residues and are generally referred 
to as prolamins (Wieser et al., 2022). Cysteine residues are 
also important structural components of both these pro-
teins, being involved in intramolecular or intermolecular 
disulphide bonds (Veraverbeke & Delcour, 2002). Gluten-
ins are too large to be separated by gel electrophoresis, but 
the disulphide linkages can be reduced by treating gluten-
ins with β- mercaptoethanol or dithiothreitol, which yields 
less- complex low-  and high- molecular glutenin subunits 
(LMW- GS and HMW- GS) soluble in aqueous ethanol (Ve-
raverbeke & Delcour, 2002).

Gluten proteins determine the breadmaking quality of 
wheat flour by providing cohesivity, viscosity and elastic-
ity to the dough when hydrated. Gliadin contributes to vis-
cosity and extensibility, while glutenin provides strength 
and elasticity to the dough system (Biesiekierski,  2017; 
Wieser, 2007). The quality of gluten proteins is influenced 
by the composition, structure and interaction of their 
subclasses (Veraverbeke & Delcour, 2002). An imbalance 
between viscosity and elasticity negatively affects dough 
rheological properties, leading to low bread loaf volume 
(Shewry et al., 2002). Thus, achieving a balance between 
gliadins and glutenins is crucial for optimal gluten rheo-
logical properties and breadmaking quality. The addition 
of oxidants, reducing agents or proteases to the flour can 
modify gluten rheological properties. It is important to 
note that other flour components, such as arabinoxylans, 
flour lipids and nongluten proteins, can also impact dough 
rheological properties (Chung, 1986).

Increasing GPC can improve breadmaking quality as it 
increases the fraction of gluten proteins more compared 
to non- gluten proteins (Hoseney, 1994). Studies have been 
conducted to explore genes regulating the synthesis of 
gliadins (Gao et al.,  2007) and glutenins (Payne & Law-
rence,  1983) and the interaction of dough quality traits 
and genetic variation for gluten proteins in wheat. More 
recently, quantitative trait loci (QTLs) associated with 
dough quality traits have been identified (Pshenichnikova 
et al., 2008; Ruan et al., 2020); however, more research is 
needed to understand the molecular mechanisms under-
lying the formation of gluten proteins and their interac-
tions in dough.

3.2 | Non- gluten proteins

Non- gluten proteins in wheat, mainly albumin and glob-
ulin, are present in smaller amounts and are generally 

monomeric. These proteins have various metabolic func-
tions, including plant defence and storage (Carbonero & 
García- Olmedo,  1999). Non- gluten proteins contribute 
to nearly 50% of the lysine content in wheat (Fra- Mon 
et al., 1984). Lysine is the first essential amino acid in 
grain (Shewry & Hey, 2015) and boosting its content has 
been a breeding target for over 50 years (Shewry, 2007). 
Although gluten proteins are the main determinant of 
bread quality, non- gluten enzymatic proteins such as 
proteases (Bleukx et al.,  1998), xylanases (Cleemput 
et al., 1997), protease inhibitors (Goesaert et al., 2006) 
and xylanase inhibitors (Debyser & Delcour, 2008) have 
been reported to impact breadmaking. However, the 
role of non- gluten proteins in flour's breadmaking prop-
erties is not well understood.

3.3 | Critical stages for 
protein deposition

Studies have been conducted to observe the patterns 
of protein deposition at various stages of grain devel-
opment. Protein deposition in grains occurs largely in 
sub- aleurone cells, with the majority happening be-
tween 14 and 35 days after anthesis (DAA) (Shewry, 
Underwood, et al., 2009). Structural proteins (albumins 
and globulins) accumulate up to 25 DAA, followed by 
storage proteins (gliadin and glutenin fractions) (Stone 
& Savin, 1999). Thus, early to middle stage of grain de-
velopment, or grain filling, is the most critical time for 
protein deposition.

Once the key traits that can influence grain quality 
and breadmaking of flour have been identified, it is im-
portant to consider the available approaches to study 
these traits. Accurate phenotyping is critical to study 
and improve a trait of interest. Therefore, in the next 
section, we will discuss the approaches used commonly 
to study grain quality traits in wheat and investigate 
newly emerging techniques that could accelerate the 
process of quality improvement.

4  |  METHODS FOR 
STUDYING GRAIN QUALITY 
CHARACTERISTICS

Common approaches for studying grain quality traits 
involve destructive and non- destructive techniques. De-
structive techniques involve breaking down samples into 
non- reusable ground matter or liquid solvents, whereas 
non- destructive techniques allow for further analysis 
without destroying the samples. Techniques used to study 
grain chemical, structural and mechanical properties 
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8 of 21 |   SAFDAR et al.

include microscopy, nitrogen estimation, chromatogra-
phy with spectrometry and spectroscopy.

4.1 | Microscopy techniques

Microscopic techniques are used to study the grain struc-
ture, which varies in features such as cell size, wall thick-
ness, starch and protein distribution and structure, and 
lipid content. Several microscopy techniques are avail-
able, including transmission electron microscopy (TEM), 
scanning electron microscopy (SEM), confocal laser 
scanning microscopy (CLSM), atomic force microscopy 
(AFM) and X- ray computed tomography (X- ray CT). 
Examples of their recent use to investigate grain qual-
ity traits include starch granule visualisation by TEM 
(Hawkins et al.,  2021), effect of α- amylase activity on 
starch by SEM (Roy et al., 2013), interaction between di-
etary fibres and wheat gluten by CLSM (Li et al., 2017), 
alterations in protein- starch interface due to grain hard-
ness by AFM (Chichti et al., 2015) and wheat spike archi-
tectural traits using X- ray CT (Zhou, Riche, et al., 2021). 
Each technique has its advantages and limitations. The 
use of these techniques has allowed for the observation 
of various aspects of grain structure, such as protein vari-
ations, degradation of starch, structural differences of 
gluten and alterations in protein- starch interface. These 
observations can contribute to understanding the quality 
of the grain and the product derived from it.

4.2 | Methods for estimating nitrogen 
content: Kjeldahl and dumas

In 1883, Johan Kjeldahl, a Danish chemist, developed the 
Kjeldahl method, which has since been used widely to es-
timate nitrogen and protein content in various species (re-
viewed elsewhere (Sáez- Plaza et al., 2013)). The method 
involves estimating the nitrogen content, which is then 
multiplied by a nitrogen- to- protein conversion factor of 
6.25 to predict the protein content (Mariotti et al., 2008). 
For wheat, a conversion factor of 5.7 is used as it depends 
on the average amino acid composition of the species 
analysed (O'Sullivan et al., 1999). It is important to note 
that predicted protein represents the overall protein con-
tent and not the structural or functional types (Sáez- Plaza 
et al., 2013). The disadvantage of Kjeldahl method is it can 
only measure nitrogen bound to free amino acids, nucleic 
acids, proteins or ammonium, and not from other forms 
like nitrates or nitrites in the sample.

An alternative to the Kjeldahl method is the Dumas 
combustion method, which converts all forms of nitro-
gen in a sample to nitrogen oxides through combustion 

at 800– 1000°C. The nitrogen oxides are then reduced to 
N2, and the N2 is measured by a thermal conductivity de-
tector. The entire process takes approximately 5 min per 
sample and is safer as it circumvents the use of hazardous 
chemicals (Müller, 2017). Unlike the Kjeldahl method, the 
Dumas method measures nitrogen from all organic and 
inorganic sources (Simonne et al., 1997) and is, therefore, 
recommended for measuring nitrogen from plant materi-
als containing high amounts of nitrogen associated with 
nitrates or nitrites (Watson & Galliher, 2001).

4.3 | Chromatographic and 
spectrometric techniques

Chromatographic and spectrometric techniques are com-
monly used in cereal research for the separation and 
identification of different compounds in a mixture. Gel 
permeation chromatography (GelPC), high performance 
liquid chromatography (HPLC), high performance anion 
exchange chromatography (HPAEC), gas chromatogra-
phy (GC) and mass spectrometry (MS) coupled with GC 
& LC are some examples of these techniques. They have 
been used for various purposes, including the examina-
tion of amylose structure and purity (Takeda et al., 1986), 
the determination of gluten protein types in flour (Wieser 
et al.,  1998) and the quality assessment of durum varie-
ties (Hailu et al.,  2016). Nanoscale secondary ion mass 
spectrometry (NanoSIMS) is a technique used to map 
the elemental and isotopic composition of a sample cross 
section at nanoscale resolution with high sensitivity. Na-
noSIMS has been used to analyse tissue distribution of 
selenium and arsenic (Moore et al.,  2010) and iron (Sh-
eraz et al., 2021) in grains, revealing differential mineral 
concentrations between the aleurone layer and the en-
dosperm, and mineral transport routes. Inductive coupled 
plasma mass spectrometry (ICP- MS) is a high- throughput 
technique used to quantify elements in a vaporised sam-
ple (Wilschefski & Baxter,  2019). ICP- MS has useful for 
nutritional profiling of wheat grains as it can detect trace 
amounts of elements (Wu et al., 2013).

4.4 | Limitations of destructive 
techniques for grain quality estimation

While destructive techniques discussed above (from sec-
tion 4.1– 4.3) have many uses to study various components 
of grain, they also provide some challenges. For exam-
ple, destructive techniques: (1) prevent growth of seed 
for next generation, which is important for genetic stud-
ies; (2) limit secondary analyses of other components, for 
example, destructive analysis for protein content using 
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Kjeldahl or Dumas would prevent evaluating metabolic 
profile of the grain or vice versa; (3) are labour- intensive 
and expensive, for example, sample preparation or di-
gestion methods require consumables, time and labour 
each time a set of grains is analysed. In comparison, non- 
destructive techniques (for example, hyperspectral imag-
ing) require developing a one- time calibration that can be 
used to quantify trait data from future samples; (4) require 
a higher volume of grain for analysis, for example, Kjel-
dahl or Dumas require a minimum of 1 g— approximately 
15 grains, compared to hyperspectral imaging (discussed 
later in the review) which can analyse a single grain; 
and (5) are generally not high throughput due to expen-
sive sample preparation steps (Table 1). Therefore, non- 
destructive techniques provide significant benefits to 
investigate grain quality characteristics.

4.5 | Non- destructive 
spectroscopic techniques

Spectroscopic techniques are used in food science for the 
quality assessment of grains and to evaluate their chemi-
cal composition. Some commonly used non- destructive 
spectroscopic methods are briefly discussed here. Energy 
dispersive spectroscopy (EDS) is used to complement 
SEM. It is performed rapidly, and its sensitivity is limited 
to the concentration of compounds and provides atomic 
information (Ngo, 1999). It has been used in wheat to de-
termine nutrient concentrations for example, Fe, Zn and 
Se in grains (Paltridge et al., 2012), and Ca, K, P, Mg, Se, 
Cu, S, Mn, Fe and Zn in flour (Peruchi et al., 2014). Wave-
length dispersive spectroscopy (WDS) is similar to EDS 
except that it provides better resolution and prevents over-
laps in peak areas that occur commonly with EDS. Nuclear 
magnetic resonance (NMR) is used to determine the struc-
tures and compositions of novel and previously known 
chemical compounds. NMR applications in food science 
include investigating the differences in flour quality (Tsiri-
vakou et al., 2020), chemical and genetic diversity of polar 
metabolites (Shewry et al., 2017), and studying changes in 
grain components (Poudel et al., 2021). It is important to 
note that while NMR itself is considered a non- destructive 
technique, the sample preparation can sometimes be inva-
sive, depending on the nature of the sample.

Near- Infrared (NIR) spectroscopy is heavily reliant on 
statistical analysis to correlate the NIR spectra and the tar-
get compound. NIR can be used for several purposes such 
as measuring protein and nitrogen levels, detecting dis-
ease, managing plant health and monitoring grain devel-
opment (Su et al., 2017). The application of NIR for wheat 
quality assessment started many years ago (Biston, 1982; 
Downey & Byrne, 1983), and has become an established 

technique for quality assessment of foods in the cereal- 
processing industry (Caporaso et al.,  2018b). Fourier 
transform infrared (FT- IR) spectroscopy is more sensitive 
than NIR because it measures the fundamental vibrations 
of functional group bonds, while NIR detects the wave 
harmonics. However, FT- IR does not penetrate as deep in 
tissue samples nor tolerate water. The technique is gaining 
popularity in food quality assessment (Ellis et al., 2012), 
for example, to detect wheat flour adulteration with bar-
ley flour (Arslan et al.,  2020). Raman spectroscopy (RS) 
works beyond the infra- red spectrum, up to ultra- violet so, 
unlike FT- IR and NIR, it can be used through transpar-
ent materials (packaging) and has minimal interference 
from water. The technique is fast, simple, can detect a 
wide range of analytes, and can be paired with light mi-
croscopes, enabling single- cell resolution. Like other spec-
troscopy techniques, it is used in food quality assessment, 
for example: to measure flour purity (Czaja et al.,  2020) 
and gluten proteins quantification (Czaja et al., 2016).

While spectroscopic techniques have many advantages 
for food quality assessment, there are some limitations. 
For instance, EDS and WDS are limited in sensitivity to 
the concentration of compounds and atomic information. 
NMR is limited in its ability to analyse small molecules 
and can be challenging to use for quantification. NIR 
spectroscopy relies heavily on statistical analysis and re-
quires bigger sample size, while RS can suffer from fluo-
rescence interference, and its signal- to- noise ratio can be 
lower compared to other techniques. Additionally, the ap-
plication of these techniques is not extended to phenotyp-
ing large plant populations in field trials. Table 1 presents 
the benefits and limitations of the different methods dis-
cussed here. In the next section, we will discuss how hy-
perspectral imaging (HSI, hereafter) stands out from other 
techniques for the quality assessment of wheat grain and 
its application in plant breeding.

5  |  HSI— AN INNOVATIVE 
TECHNOLOGY FOR STUDYING 
GRAIN QUALITY TRAITS

HSI is an innovative and powerful imaging technique that 
combines NIR with a broad- spectrum camera to analyse the 
spatial distribution of food quality parameters. Unlike tradi-
tional imaging techniques, HSI allows for non- destructive 
and rapid analysis of large- scale field trials, as well as single 
grain analysis. It is rapidly becoming the preferred method 
for food quality assessment in industry. Compared to other 
techniques, HSI stands out due to its ability to capture a vast 
amount of data from the NIR spectrum, resulting in higher 
resolution and sensitivity. This enables HSI to identify sub-
tle changes in food quality parameters, such as moisture 
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T A B L E  1  Advantages and disadvantages of different techniques used for grain quality estimations in food industry and agriculture.

Technique Advantages Limitations
High 
throughputa

Microscopy techniques

TEM • Intracellular structure
• High- resolution (down to 0.2 nm)

• Laborious sample preparation (dehydration) and 
fixation

• Requires thin sample sectioning
• Expensive set up

No

SEM • Images sample surface
• High- resolution (down to <1 nm)
• Tolerates larger samples compared to TEM

• Laborious sample preparation, fixation and metal 
coating

• Samples limited to dry phase
• Expensive set- up

No

CLSM • Fixation requirement sample dependent
• Can be non- destructive
• Can image tissue sections or small organs
• Compatible with 3D live imaging

• Requires sample staining or fluorescence
• Lower resolution than electron microscopy

No

AFM • Atomic- level resolution
• Measures mechanical properties of sample
• Cheap operation
• Requires minimal sample preparation
• Can be non- destructive
• Does not require vacuum to operate

• Only analyses a small section of the sample 
surface

No

X- ray CT • Fast and non- destructive
• Resolution varies, down to nanometre scale
• Can create 3D scans

• Relatively expensive set- up
• Requires strong computing power to reconstruct 

and store 3D images

Yes

Chromatographic techniques

GelPC • Versatile technique
• Simple sample preparation

• Low- separation power
• Sample dilution
• Long run duration
• May require large volumes of solvent

No

HPLC • Compatible with many detection methods
• Elute characterisation possible with MS and 

NMR
• Suitable for isolation and quantification

• May require derivatisation to improve resolution
• Requires large amounts of solvent
• Low sensitivity
• Does not tolerate volatile substances

Yes

HPAEC • Suitable for isolation and quantification
• Works well with carbohydrates
• High sensitivity (pmol)
• Fast and accurate
• Compatible with MS

• Challenging calibration
• Sample preparation may be difficult
• Limited to proteins and carbohydrates
• Requires high- pH solvents

No

GC • Suitable for isolation and quantification
• High sensitivity
• Fast and accurate
• Compatible with a range of detection 

methods, including MS
• Requires small sample amounts (μL)

• Limited to volatile or semi- volatile compounds
• Sample must be thermostable

Yes

Spectrometric techniques

MS • Great to identify substance presence
• Possible to predict molecular structure
• High sensitivity (pg) and selectivity
• Selectivity improved with tandem MS/MS

• Expensive set up
• Sample must ionise well
• Unreliable separation of similar hydrocarbon ions
• Unable to distinguish between optical and 

geometrical isomers
• Ultimately dependent on the substance 

purification technique

Yes
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   | 11 of 21SAFDAR et al.

Technique Advantages Limitations
High 
throughputa

NanoSIMS • Elemental and isotopic mapping
• High- sensitivity and resolution (50 nm)
• Compatible with light and electron 

microscopes

• Laborious sample preparation (dehydration) and 
fixation

• Expensive set- up

No

ICP- MS • High sensitivity
• Fast and accurate
• Multiple elements detectable
• Low sample volumes required
• Compatible with GC and LC

• Expensive set up
• Environment must be tightly controlled to 

minimise interference

Yes

ICP- AES • Simple preparation and low sample volumes 
required

• Relatively inexpensive set up

• Low sensitivity
• Limited range of elements detected
• Limited compatibility with GC and LC

Yes

Non- destructive spectroscopic techniques

NMR • Great to elucidate atomic structure
• High replicability
• Simple sample preparation
• Non- destructive

• Expensive set up
• Solvent used in purification may interfere with 

measurements
• Accuracy dependent on the substance 

purification technique

No

EDS • Compatible with SEM
• Elemental mapping
• Multiple elements detectable
• Can be non- destructive and require minimal 

sample preparation

• Cannot determine elements below atomic 
number 11 (sodium)

• Only provides relative quantification of 
abundance

• Unable to distinguish isotopes and ionisation 
state

• Sensitivity dependent on compound 
concentration

No

WDS • Compatible with SEM
• Elemental mapping
• Fast and reliable
• Multiple elements detectable
• Can be non- destructive and require minimal 

sample preparation
• Improved resolution and sensitivity relative 

to EDS

• Cannot determine elements below atomic 
number 5 (boron)

• Only provides relative quantification of 
abundance

• Unable to distinguish isotopes and ionisation 
state

• Sensitivity dependent on compound 
concentration

No

NIR • Fast and reliable
• Non- destructive
• Cheap
• High tissue penetration
• Requires minimal to no sample preparation

• Requires large datasets and tests to build 
calibration models

• Lacks specificity (i.e. difficult to characterise at 
molecular level)

Yes

FT- IR • Fast and reliable
• High sensitivity
• Non- destructive
• Requires minimal to no sample preparation

• Requires large datasets and tests to build 
calibration models

• Requires dehydrated samples
• Limited to sample surface analysis (packaging is 

challenging)

Yes

RS • Fast and reliable
• High sensitivity
• Non- destructive
• Compatible with light microscopes to
• Achieve cellular resolution
• Requires minimal to no sample preparation

• Sample fluorescence can interfere with detectors
• Requires optimisation to detect the substance of 

interest
• Sample heating from laser may cause destruction

Yes

T A B L E  1  (Continued)

(Continues)
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content, texture and protein content, that may not be de-
tectable by other imaging techniques. Additionally, HSI 
can provide a more comprehensive and holistic view of the 
food sample, enabling the identification of both surface and 
internal defects. HSI surpasses other techniques in terms 
of accuracy, speed and non- destructiveness, making it the 
ideal choice for food quality assessment and largescale phe-
notyping for grain quality traits. In the following section, we 
will focus on a HSI system, data acquisition, data process-
ing and analysis, and the application of HSI for determining 
wheat grain quality traits.

There are commonly three kinds of hyperspectral sys-
tems known as whiskbroom, pushbroom and tuneable filter 
which vary slightly in terms of their application in differ-
ent industries (Elmasry et al., 2012). The most used system 
in food industry is the pushbroom system. A typical push-
broom system consists of a broad spectral camera system, a 
spectrograph with a c- mount lens, a moving stage to place 
the samples, an illumination unit and a computer interface 
to produce images and data. The camera detects in two di-
mensions to collect both spatial and spectral information, 
and the spectrograph generates a spectrum for each point on 
the scanned line. Hence, a three- dimensional hyperspectral 
image called ‘hypercube’ is generated by scanning the entire 
surface of an object (Figure 4).

5.1 | Hyperspectral data acquisition   
and processing

Biological systems absorb or emit energy when struck by 
electromagnetic radiation (light). HSI data is the absorbed 
or emitted energy by a biological system under screening 

stored in the form of a 3D image, the hypercube (Ravi-
kanth et al., 2017). The hypercube is a 3D cube produced 
from hundreds of wavelength bands at each pixel of an 
image detected by the HSI sensor. The commonly used 
pushbroom line scanner HSI sensor produces all wave-
length bands along the same spatial coordinate as the line 
direction (Lawrence et al., 2003), resulting in a 3D hyper-
cube in either of the three ENVI (the Environment for 
Visualising Images) formats that is, BIL (band interleaved 
by line), BSQ (band sequential) and BIP (band interleaved 
by pixel). The selection of optimal format is recommended 
before proceeding to the data analysis. Generally, the BIL 
format provides a good account of image processing tasks 
and is used commonly. A complete scheme of HSI data 
analysis is reviewed elsewhere (Yoon & Park,  2015). A 
brief description is given below and in Figure 4. It is im-
portant to note the illustration demonstrates the ability 
of indoor HSI systems to examine grain quality features. 
Fortunately, a recent review has demonstrated the appli-
cation of outdoor HSI systems in phenotyping plant traits 
(Sarić et al., 2022).

Calibration of the data is required to ensure the accu-
racy and reproducibility of the results. Calibration can be 
of three types: (a) spectral calibration where wavelengths 
are linked with band numbers, (b) spatial calibration 
where each image pixel is correlated to a known feature 
and (c) radiometric calibration which in food technol-
ogy simply refers to reflectance (or transmittance) cali-
bration (Yoon & Park,  2015). Care must be taken when 
collecting data for reference spectra from field, because 
the dynamic environment in which crops grow can im-
pact the hyperspectral calibration, such as through wind 
speed, cloud cover, light intensity and angle, air pressure, 

Technique Advantages Limitations
High 
throughputa

HSI • Accurate and reliable
• Cost and labour effective compared to 

conventional lab techniques
• Robust
• Non- destructive
• Can study external and internal (partially) 

structures
• High resolution
• Single grain application in cereals
• Potential for plant breeding

• Produces large amounts of data
• Chemometrics is a challenge
• Requires strong computing power and high- 

performance systems
• Skills from many fields required
• Higher noise compared to bench NIR systems

Yes

Abbreviations: AFM, atomic force microscopy; CLSM, confocal laser scanning microscopy; EDS, energy- dispersive X- ray spectroscopy; FT- IR, Fourier- 
transform infrared spectroscopy; GC, gas chromatography; GelPC, gel permeation chromatography; HPAEC, high- performance anion exchange 
chromatography; HPLC, high- performance liquid chromatography; HSI, hyperspectral imaging; ICP- AES, inductively coupled plasma atomic emission 
spectrometry; ICP- MS, inductively coupled plasma mass spectrometry; MS, mass spectroscopy; NanoSIMS, nanoscale secondary ion mass spectrometry; NIR, 
near- infrared spectroscopy; NMR, nuclear magnetic resonance; RS, Raman spectroscopy; SEM, scanning electron microscopy; TEM, transmission electron 
microscopy; WDS, wavelength- dispersive X- ray spectroscopy; X- ray CT, X- ray computed tomography.
a‘Yes’ means it can be high throughput depending on computational setup and application.

T A B L E  1  (Continued)
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   | 13 of 21SAFDAR et al.

and temperature and humidity (Pfitzner et al., 2011). The 
first step in image processing is binarization (also called 
thresholding) by which a binary image is produced by 
masking the image background (Yoon et al., 2009). A sys-
tematic approach for background masking such as princi-
pal component analysis can also be used to select the band 
with the largest reflectance variation. After masking, the 
foreground picture elements are used to create the region 
of interest (ROI), which includes the area of image used 
to extract the spectral information (Yoon & Park,  2015). 
Spectral pre- processing algorithms are applied to select 
the optimal wavelength to account for confounding fac-
tors such as random noise, light scattering and variation 
in the length of the light path (Ma et al., 2019). Principal 
component analysis (PCA) is the most common unsuper-
vised method to reduce the dimension of hypercube and 
eliminate correlated wavelengths (Minaei et al., 2017). For 
model development, two types of chemometric models 
that is, classification and quantification models are used.

Classification models can be either supervised, when 
a reference value or class is available, or unsupervised, 
when reference values are unavailable. Examples of su-
pervised classification models include artificial neural 
networks (ANN), support vector machine (SVM), decision 
trees (DT), random forest (RF), k- nearest neighbour (k- 
NN), logistic regression (LR), naive bayes (NB) and linear 
discriminant analysis (LDA). Among the unsupervised 
classification models, K- means clustering (KMC) and 

PCA are most frequently used followed by independent 
component analysis (ICA) (Jiang et al., 2010).

Quantification models are used to establish relation-
ship between the hyperspectral data and the desired at-
tributes to provide a continuous numerical prediction. 
Examples include regression models such as multiple 
linear regression (MLR), partial least squares regression 
(PLSR) and principal component regression (PCR) (Pan 
et al., 2016). Many computer applications and algorithms 
have been developed such as MATLAB image processing 
toolbox and PlantCV in Python (Gehan et al.,  2017) to 
process and analyse the hyperspectral image data. Anal-
yses depend on the type of questions asked during the 
experiment.

5.2 | Application of HSI to study grain 
quality traits in wheat

Grain quality in wheat, as discussed earlier, is determined 
by several properties such as hardness, moisture content, 
nitrogen and protein content, insect damage and falling 
number. HSI has developed into a powerful tool to deter-
mine these quality indicators in wheat industry. In a study 
on insect damaged wheat from Canada, the authors clas-
sified healthy and damaged grains successfully by apply-
ing multivariate regression model on hyperspectral data 
(Singh et al., 2009). In other studies, HSI was used to study 

F I G U R E  4  A schematic diagram of hyperspectral imaging and data analysis. A typical indoor hyperspectral system consists of a 
movable stage for sample placement, a light source with equal scattering, a near- infrared camera, a hyperspectral system that connects the 
stage and the camera and a computer interface to collect data. Data are produced as 3D hypercubes which are processed using chemometrics 
to extract desired information. A reference material is used to build a calibration for the quantification of trait data from future samples 
using only hyperspectral data (Created with BioRe nder.com).
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nitrogen content (Vigneau et al.,  2011), fungal infection 
(Singh et al., 2007), diffusion of water in different hard-
ness levels (Manley et al., 2011) and protein content (Ca-
poraso et al., 2018a).

Among the different quality attributes, protein content 
and composition have major influence on wheat grain qual-
ity which are both affected by nitrogen level during plant 
development. The reflectance spectrum of electromagnetic 
waves can be affected by the chlorophyl pigment especially 
in blue (450 nm) and red (670 nm) bands in wheat plants 
which is related to leaf nitrogen content (Gamon et al., 1997; 
Le Maire et al., 2004). Recently, significant progress has been 
made in the field of reflectance spectral analysis of different 
vegetation indices (VIs), including normalised difference 
vegetation index (NDVI) (Hansen & Schjoerring, 2003), me-
dium terrestrial chlorophyll index (MTCI) and normalised 
pigments chlorophyll ratio index (NPCRI) (Tan et al., 2018), 
normalised water index (NWI) (Babar et al.,  2006) and 
structural insensitive pigment index (SIPI) (Robles- Zazueta 
et al., 2021) which are derived from the canopy with respect 
to plant nitrogen content. HSI application using different 
VIs to estimate plant nitrogen content has been reviewed 
elsewhere (Ma et al., 2022).

Nowadays, satellite spectral images provide freely 
available data source for wheat nutrition and grain quality 
monitoring. An example can be seen in a previous study 
where authors assessed the ability of spectral VIs of Sen-
tinel- 2 data (Sentinel- 2 is an earth observation mission to 
monitor land and sea, sea ice and natural disasters) for 
the detection of nitrogen and GPC based on different VIs 
(Zhao et al., 2019). Recently, HSI was successfully used to 
predict micronutrients in wheat (Hu et al., 2021). These 
recent advances and successes demonstrate the ability of 
HSI to study grain quality traits in wheat and potential to 
transform the technique into largescale phenotyping tri-
als. Table  2 provides an account of recent studies using 
HSI to investigate wheat quality parameters.

5.3 | HSI for studying phenotypic 
variation at single grain level

HSI can extract information rapidly and non- destructively 
from single grains without the need of grinding them into 
powder. Grinding material provides more uniform ac-
curacy but is a time consuming and laborious effort and 
removes the intra- sample variability across single grains. 
Therefore, application of HSI on whole single grains has 
gained a lot of interest in the recent years. NIR spectros-
copy was first applied to study protein content from sin-
gle grains in 1995 to study the grain protein content by 
transmittance method (Delwiche, 1995). In a recent study, 
the diffusion of conditioning water was studied by HSI in 

single wheat grains of different hardness levels. From the 
hyperspectral data, the authors were able to predict that 
the uptake of water followed a pattern from soft toward 
hard grains. They also observed that the protein content 
was higher in hard grains (Manley et al., 2011). In another 
study of four different wheat classes from USA, protein 
variability was successfully determined from single grains 
in more than 300 samples by using NIR spectroscopy (Del-
wiche, 1998). A more recent study estimated single grain 
protein content in 180 wheat cultivars with 10 seeds from 
each sample totalling prediction for 4200 single wheat 
grains using HIS (Caporaso et al.,  2018a). These studies 
indicate that HSI can be a powerful and reliable tool to 
robustly and non- destructively phenotype single grains in 
large populations.

5.4 | Recent developments and prospects 
on the application of HSI in plant breeding

HSI provides extensive information that correlates well 
with chemical constituents, additives and mycotoxin; it 
has already been widely used to measure food parameters, 
including those related to protein and nitrogen content. 
Because HSI is massively high throughput compared to 
some of the other commonly used methods, it can be suit-
able for largescale phenotyping in plant breeding. Plant 
traits predicted using HSI have been used in genome- wide 
association studies to identify novel candidate genes, in-
cluding those related to yield in wheat (Fei et al., 2022) and 
grain quality in rice (Sun et al., 2019). Application of HSI 
in plant phenotyping has extended to crop yield, quality, 
stress response, architecture and root morphology in both 
controlled and natural environments (reviewed recently by 
Sarić et al. (2022)). A relatively unexplored area has been 
the ability of HSI to analyse variation at single grain level 
that provides major benefits for studying grain heterogene-
ity or homogeneity traits. Variation for grain quality traits 
such as protein content at single grain level across a popu-
lation could help rapidly pinpoint genetic basis controlling 
these traits towards providing genetic solutions for breed-
ing varieties with homogeneity for grain quality traits. Ad-
ditionally, assessment of grain protein at single grain level 
non- destructively can allow selection for grain protein 
at early generations in breeding programme, when only 
small number of seed is available per progeny and the seed 
of selected lines is required for sowing the next generation.

However, due to the large amount of data generated in 
hyperspectral images and the difficulty to detect molec-
ular features of the compounds, chemometric modelling 
remains a challenge. It can be time consuming at times to 
build the right model, and expertise from different fields 
such as chemistry and computer science may need to be 
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integrated to solve the problem. Another limitation of HSI 
is to identify unique variation in the test set that could be 
outside the range of the calibration model, for example, 
in plant breeding research, genetic variation originating 
from wild resources can sometime have a large effect on 
a phenotype, whereas a hyperspectral system will rely on 
a certain range of the calibration dataset for prediction. 
Therefore, for research on complex plant traits and germ-
plasms having historically and geographically wider dis-
tribution, a separate calibration set might be required each 
time or one with enough diversity to cover broad varia-
tion. The dataset must also be large and representative of 
the whole population under study. The major challenge, 
however, remains the chemometrics and data analysis, 
including the speed of analysis needed for full industrial 
applications. Because the data generated by hyperspec-
tral systems consists of a continuous series of wavelength 
bands and a large number of pixels belonging to the same 
object, many image cleaning and spectral pre- processing 
steps are required to obtain any useful information, thus 
involving complex mathematical operations requiring 
strong computational capacity (Yoon & Park, 2015). This 

provides a potential area of improvement in HSI in future 
research by taking advantage of emerging software tech-
nology and machine learning algorithms. Introduction 
of automated models for large datasets and user- friendly 
graphical user interfaces compared to the algorithms run 
by coding languages will be desirable outcomes for breed-
ers and plant biologists and will also extend the applica-
tion of the technology.

While chemometrics has advanced significantly in 
recent years, there are still challenges to be addressed, 
for example, regarding the use of unlabelled data in un-
supervised models. Additionally, intelligent recognition 
systems and fully automatic and customisable models are 
still under development. Another challenge is the chem-
ical analysis of small sample sizes, such as the charac-
terisation of single grain as current analytical methods 
require a minimum sample size larger than single grains, 
for example, Kjeldahl or Dumas require ~15 wheat grains 
for analysis. Overcoming these challenges is critical for 
advancing the field of HSI and unlocking its full potential 
in various applications, such as food quality control and 
breeding for grain quality.

T A B L E  2  Various applications of hyperspectral imaging for evaluating different quality parameters in wheat including grain protein 
content.

Product Application Data analysis method
Wavelength 
(nm) References

Single grain Predicting carbon and 
nitrogen concentrations

Partial least square regression 
(PLSR)

1000– 2500 Tahmasbian et al. (2021)

Grain and flour Predicting micronutrients in 
wheat

PLSR 375– 1050 Hu et al. (2021)

Whole plant Predicting yield and biomass PLSR 350– 2500 Robles- Zazueta 
et al. (2021)

Whole plant Predicting protein content Linear regression, machine 
learning

530– 810 Zhou, Kono, et al. (2021)

Whole (ground) Determining intestinal crude 
protein digestibility

PLSR 680– 2500 Shi et al. (2019)

Wheat gluten Detecting gluten content Wavelet soft- threshold method 1300– 2300 Cai (2017)

Whole plant Predicting yield and biomass Linear regression 350– 2500 Tan et al. (2018)

Single grain Predicting protein variation PLSR, PCA 980– 2500 Caporaso et al. (2018a)

Bulk grains Classifying vitreous/non 
vitreous kernels

Savitzky– Golay, first derivative 950– 2450 Shahin and 
Symons (2008)

Bulk grains Classifying eight different 
Canadian wheats

Linear-  and quadratic- 
discriminant analysis

960– 1700 Mahesh et al. (2008)

Single grain Classifying sound/stained 
grain

Multivariate image analysis 
(MVIA)

350– 2500 Berman et al. (2007)

Single grain Detecting fungal infection MVIA based on PCA 1000– 1600 Singh et al. (2007)

Whole plant Quantifying stripe rust disease 
index

Photochemical reflectance index 
(PRI)

1050– 2500 Huang et al. (2007)

Whole plant Predicting yield and biomass PLSR 350– 2500 Babar et al. (2006)

Whole plant Predicting leaf nitrogen 
content

PLSR 438– 884 Hansen and 
Schjoerring (2003)
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6  |  CONCLUSION

Our study discusses how a focus on yield during modern 
breeding could have resulted in allelic loss for grain qual-
ity traits in wheat. It further discusses the challenge faced 
by plant breeders to simultaneously phenotype grain 
yield and quality traits with traditional methods and the 
advantage of HSI that could be exploited to revive grain 
quality. HSI can rapidly and non- destructively phenotype 
key traits controlling grain quality at single grain levels. 
Future research can benefit from accelerated phenotyping 
through HSI at single grain levels to expedite genetic stud-
ies for the identification of novel alleles underlying homo-
geneity and heterogeneity for grain quality traits.
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