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ABSTRACT

Durian is a highly valuable fruit that is popular both domestically and
internationally. It is an important economic crop in Thailand. However, in the cultivation
of durian, farmers tend to apply more fertilizer than necessary to produce high-quality
fruits. This results in high production costs. If farmers know the nutrients content in the
leaves, they will be able to apply fertilizer more accurately, allowing the durian trees to
produce quality fruits while reducing costs. This thesis investigates the feasibility of using
near infrared spectroscopy (NIRs) to determine the nitrogen (N), phosphorus (P), and
potassium (K) content in durian (CV. Monthong) leaf. The research objectives were divided
into two main goals. 1) to develop a model for classification nutrient content levels. In
this study, spectra of fresh and dried ground leaves were collected using an FT-NIR
spectrometer with wavenumber from 12500-4000 cm™ (wavelengths from 800-2500 nm).
The nutrients content was analyzed by TruMac CNS analyzer for N, and ICP-OES analyzer
for P and K. Additional data synthesis by Synthetic minority oversampling technique

(SMOTE) was used to balance the sample groups and mitigate the problem of neglecting



predictions for minority class samples. The artificial neural networks (ANN) algorithm
yielded the best model. The accuracy of the models for fresh and dried ground leaves
did not differ significantly, thus recommending the fresh leaves predicting. The achieving
accuracy in classifying N, P and K content levels, with accuracies of 0.99, 0.97, and 1.00
respectively. 2) to create a model for nutrient context predicting with partial least squares
regression equations. Spectra of fresh, dried ground, and pellet leaves were scanned and
analyzed same method with objective 1, and the model was developed by full
wavelength, short wavelength, and specific wavelengths that were selected by the
successive projections  algorithm (SPA) which was observed that each wavelength
produced similar r°. Therefore, it is recommended to use a model built with SPA for quick
measurement. The r? of the best model for predicting N content in fresh leaves was 0.852,
while for predicting K content in dried ground leaves, the r* was 0.834. These models
demonstrated good predictive capability based on the coefficient criteria. However, for
predicting P content, none of the models met the criteria because of non-relationship
between NIR spectra and P in durian leaf. The results of this research support the use of
NIRs as a tool for detecting N, P, and K content levels in durian leaves. And it enables the
rapid quantification of N and K content compared to traditional methods.

Key words: near-infrared spectroscopy, durian leaf, nitrogen (N), phosphorus (P), potassium

(K)
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Chapter 1

Introduction

1.1 Statement and significance of the problems

Durian is known as the king of fruits, thanks to its powerful and sweet aroma that
makes it incredibly tasty. It also holds a significant place in Thailand's economy as the
major fruit export. According to durian export data, the quantity has been increasing each
year, especially in the last two years (2021-2022), where there has been a 30-40% increase
in export quantity compared to 2020. Furthermore, the value has risen by 66-68% [1].
These statistics indicate the growth of the Thai durian export market, leading to more
farmers choosing to cultivate durian in Thailand's southern, eastern, and northeastern
regions. To ensure the production of high-quality durian fruit, farmers need to take care
of their durian trees by providing appropriate watering and fertilization. This is why farmers
often apply more fertilizer than necessary, which increases production costs. However, it
is undeniable that fertilization is essential for plants. If we compare trees to people,
nutrients are like food that enables proper growth and development. To survive and
thrive, plants require essential nutrients for growth, development, and grain production.
Each nutrient serves a specific function that cannot be entirely replaced by any other
nutrient. Insufficient nutrients can hinder growth, while an excess of nutrients can even
result in plant death [2]. Therefore, assessing the nutrient content in the leaves is
necessary to determine the appropriate amount of fertilizer, allowing farmers to save costs
and increase revenue.

Traditionally, chemical methods have been used to determine the nutrient

content in leaves, but these methods are time-consuming. Nowadays, researchers utilize



the near infrared (NIR) technique as a rapid and non-destructive method to analyze
nutrient content in leaves instead of using chemical methods [3]. For example, Azadnia
et al. conducted a study on N, P, and K content in apple leaves [4], Guo et al. focused on
N and P content in tea leaves [5], Rébufa et al. explored N and K content in Moringa
oleifera leaves [6], Rotbart et al. investigated N and K content in olive leaves [7], Yarce
and Rojas examined N, P, and K content in sugarcane [8], Guo et al. studied P content in
rubber leaves [9], and Wang et al. investigated P and K content in tea leaves [10], among
others. However, there seems to be no existing study on the use of NIR spectroscopy to
determine the nutritional content of durian leaves.

If farmers can obtain timely information about the nutrient levels in durian leaves,
they can make informed decisions regarding fertilization. This not only helps reduce costs
for farmers but also contributes to saving the environment by reducing resource wastage.

Supporting sustainable agriculture is essential for the well-being of our planet.

1.2 Goal and objective

The overall objective of this thesis was to investigate the possibility of using NIR
techniques to evaluate the nutrient content (specifically nitrogen (N), phosphorus (P), and
potassium (K)) in Durio zibethinus Murray CV Monthong leaves, including fresh leaves, dried
ground leaves, and dried ground leaves pellets. The research had three specific objectives,

outlined as follows:

1) To identify a suitable algorithm for developing a classification model to classify
nutrient levels in fresh durian leaves and dried ¢round leaves using near
infrared spectroscopy.

2) To examine the impact of imbalanced data on the classification model's
accuracy of fresh durian leaves and dried ground leaves using near infrared

spectroscopy.



3) To develop a regression model using near infrared spectroscopy to assess the
nutrient content in fresh leaves, dried ground leaves, and dried ground leaf
pellets.

4) To investigate methods for reducing the number of wavelengths that affect the
performance of the NIR regression model in fresh leaves, dried ground leaves,
and dried ground leaf pellets.

5) To explore the application of Terahertz spectroscopy as a new technique for

assessing the nitrogen content in dried ground leaf pellets.

1.3 Hypothesis to be tested
The hypothesis is that the near-infrared spectroscopy technique can be used as a

reliable and accurate method for evaluating the macronutrient content in durian leaves.

1.4 Scope or limitation of the study

In"this thesis, Durio zibethinus Murray CV Monthong leaves from trees older than
eight years at orchards in Rayong, Chanthaburi, and Trad provinces in Thailand's eastern
region were used to conduct a preliminary study on the possibility of applying NIR
spectroscopy to determine their levels or content. Different sample metrics, including
fresh leaves, dried ground leaves, and dried ground leaf pellet, were compared to identify
the most suitable sample type for prediction.

For the spectral measurements, an FT-NIR spectrometer (MPA, Bruker Ltd.,
Germany) with a wavelength range of 12,500-4,000 cm™ (800-2,500 nm), average of 32
scan, a resolution of 32 cm™, gold as the reference material and under laboratory
conditions at 25+2°C was used to determine the levels or content. The fresh leaf was
scanned under an aluminum plate in 2 scan positions. The spectra of one fresh leaf were

averaged from 20 fresh leaves. The dried ground leaf sample was scanned within a quartz



cup (diameter 4.5 cm and height of 5.3 cm). The dried ground leaf pellet sample was
covered with Spectralon reference material and covered with an aluminum can before
scanning. The Tera Prospector (Nippo, Precision Co., Ltd., Japan) with a horizontally
polarized beam, a bandwidth of 0.1-4.0 THz, an average of 100 scans and the spectral
resolution was 0.02 THz, air as the reference material, relative humidity in THz optical
system at 0.0-0.1% and under room conditions at 26°C was also employed for
measurements for terahertz spectra.

For the nutritional analysis, CNS analyzer (Leco, USA) was utilized for nitrogen (N)
analysis, while ICP-OES (inductively coupled plasma optical emission spectrometer) (Perkin
Elmer, USA). was applied for phosphorus (P) and potassium (K) measurement. These
instruments are used to measure the nutrient content in the standard method (AOAC

984.27 for P and K analysis).

1.5 Process of the study

This thesis is organized into eight chapters, each covering specific aspects related
to the research topic, as follows:
Chapter 1 presents the research background, problem statement, and research objectives
of this thesis.
Chapter 2 provides detailed information on durian, nutrients, nutrient analyzers, NIR
spectroscopy, and model development using partial least squares regression, k-nearest
neighbor, and artificial neural networks. It also includes literature reviews on the
applications of NIR spectroscopy for nutrient determination in leaves.
Chapter 3 illustrates the precision test of NIR scanning for durian leaves (fresh leaves,
dried ground leaves, and dried ground leaf pellets) and analyzes the precision of reference

laboratories for nutrient analysis. The purpose of this chapter is to ensure the accuracy



and suitability of NIR spectral recordings from FT-NIR and the standard reference of
nutrient content for model creation.

Chapter 4 focuses on the classification of N, P, and K concentration levels using the FT-
NIR spectrometer in fresh leaves and dried ground leaves of durian. It also addresses the
effects of imbalanced data on modeling. The purpose of this chapter is to compare
algorithms and sample types for classification modeling and to improve imbalanced data
for increased model accuracy. The chapter concludes with the construction of the nutrient
level model.

Chapter 5 presents the regression of N, P, and K concentration using the FT-NIR
spectrometer in fresh leaves, dried ground leaves, and dried ground leaf pellets of durian.
It also discusses the effects of wavelength selection on model performance. The purpose
of this chapter is to compare sample types for regression modeling and to select suitable
wavelengths for modeling. The chapter concludes with the construction of the nutrient
content model.

Chapter 6 focuses on determining the lowest quantification of the regression model for
N, P, and K concentration using the FT-NIR spectrometer in fresh leaves, dried ground
leaves, and dried ground leaf pellets of durian.

Chapter 7 explores the evaluation of nitrogen in durian leaves using Terahertz time-
domain spectroscopy. The purpose of this chapter is to investigate a new technique for
nitrogen determination, and the results are presented.

Chapter 8 presents the overall main conclusions and recommmendations for further study

based on the findings from chapters 3, 4, 5, 6, and 7 of this thesis.
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Chapter 2

Literature review

2.1 Overview of Durian

The king of fruits, durian, is a famous tropical fruit that originated in Southeast Asia.
It is a fruit with a unique smell and sweet taste that is popular in Thailand and all over
world, particularly in China, Hong Kong, Taiwan, and Singapore. Furthermore, durian fruit
has a rich nutrition in terms of fat, protein, carbohydrates, and minerals. Thailand is a
major supplier of durian because Thai durian smells and tastes delicious. Due to its rising
export every year [1], durian is regarded an important commercial crop in Thailand. It is
also a costly fruit that is marketed widely. Durian planting is popular among farmers, and
it can also be processed to improve the value of commodities such as durian frizz dry,
fried durian, or durian stirrup, among others. As a result, processed durian is popular for
international tourists who purchase it as a souvenir. Nonetheless, fresh durian remains the

most popular.

2.1.1 Characteristics of durian [2]

1. The trunk is a large perennial
plant with softwood, ranging from 6 to 24 inches
in diameter, a height of 70 to 80 feet, and a
lifespan of 80 to 150 years. The skin is rough and

fissured, with a grayish tone. The trunk's

longitudinal branches are long and rounded.

Wy

Depending on the type of durian and the Figure 2.1 Monthong durian tree.
amount of red-light exposure, the branches can

be straight or curled. The top of the durian can be classified into three types: square,



inverted cone with a wide base, and inverted cone with a narrow base, based on the
characteristics of durian varieties.

2. The leaves are single-leaved,
broad, and cotyledon, measuring 2 to 3 inches
in width and 6 to 8 inches in length with a
pointed tip. The leaves are dark green when
mature, with brown undersides, and they
sprout from the buds on the branches.

3. The roots forage along the soil

surface up to a depth of 50 centimeters.
Durian has adventitious roots that absorb
water and nutrients. It lacks hairy roots. The
taproot of the durian tree serves to anchor the
trunk, while lateral roots and fibrous roots aid
in foraging and anchoring the stems.

4. flowers resemble bell shapes.
They are perfect flowers with greenish-brown
sepals (outermost petals), five soft white
petals, stamens (five sets of 5 to 8 filaments,
each with numerous pollen sacs), and a stigma
(with a central style). Durian flowers often
bloom in clusters, with a bouquet containing

1 to 30 flowers.

5. The fruits is capsule-based.
The skin is covered in hard spikes and ranges Figure 2.4 Monthong durian fruit [4].
in color from dark green to yellowish-green.

Durian fruits come in various shapes such as round, oval, and obtuse bottoms. They have
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a diameter of approximately 15 to 20 cm and a length of 25 to 35 cm. Typically, each
fruit has 5 to 6 lobes, and each lobe contains a single seed. The pulp is white and can

have shades of yellow, light yellow, orange, and more.

2.1.2 Growth stage [5-9]

2.1.2.1 The unproductive stage (the first 1-4 years)

This stage is the initial stage of durian
planting. The young durian trees are particularly
fragile, especially at the base and roots. So, special
maintenance and care are necessary, as they are
constantly fallen root, worm borer, and root rot.
The durian must be watered immediately after
planting and every 3 days, around 5 liters at a time.
When the durian is 8-10 months old, the soil is

shoveled, and the hay is covered with grass so that

the roots do not get too much sun, dry up and die.
Figure 2.5 Durian seedlings [10].

Young leaves will sprout when the durian is a year

old. The farmer should cultivate the soil at a larger distance according to the durian bush
area, apply chemical fertilizer alternately with manure, and cover the grass around the
roots. If roots spring up from the earth, cover them with soil to prevent them from drying
out and dying. When the durianis 2 years old, the durian will settle and grow well. The
farmer should water every 3 days, cultivate the soil, apply fertilizer, and cover the grass
as usual. The durian can be leaf trimmed when it is three years old. Flowers may bloom
at the end of the year, but the farmer must chop them off since the roots of the durian
tree are not yet strong enough, causing the durian tree to stop growing. The flowers begin

to blossom more in the fourth year. However, farmers should allow just 4-5 blooms for

fruiting to avoid over-deterioration of the durian tree and should apply more fertilizer.
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In the term, it also does not give some fruit, the durian trees need more nitrogen
(N) than other trace elements. Due to N is a nutrient that helps plants grow well, strong
trunk and branching. The fertilizer (Nitrogen-Phosphorus-Potassium) used should depend
on the type of soil as follows: 1) clay soil, use fertilizer 20-10-10 amount 500 ¢ per 1 m
diameter of the canopy, 2) loam soil, use fertilizer 15-15-15 amount 700 ¢ per 1 m
diameter of the canopy, 3) sandy soil, use fertilizer 20-10-10 amount 1,000 ¢ per 1 m
diameter of the canopy, divided into fertilizer 4 times a year, every 3 months. In addition,
organic fertilizer should be applied with about 10-20 kg per tree. However, it is
recommended to trim only two generations of flowers: probably cutting the 1°t and 3™
generations to only the 2" generation or reducing the 2" generation flowers to only the

1t and 3" generations.

2.1.2.2 The flowering stage
A durian flower group which will bloom under the branches. Durians grown with
seeds begin to bloom at the age of 7-8 years, but durians grown with rootstocks will
bloom in the 4" year, or perhaps sooner if the soil is good. In each flower group there are
about 25 flowers, but only 2-3 fruiting flowers are left. Normally, durians flower has about
2-3 generations a year, each generation has a gap of 20-50 days.
Durian flower growth stage is divided into 6 stages [11]:
1 Roe phase: The new flowers begin to bloom which is small blister like the
roe with light-brown in color.
2 Rat's foot stretching phase: The small blister became to a small flower
sticking out of the branch.
3 Button phase: The flowers grow, they long protrude like pendulums or

buttons.
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4 Bracelet head phase: The flowers grow rapidly, both wide and long. The
pollen inside the flower begins to push outwards, resembling a child's ankle
bracelet head.

5 Flowering phase: The stamen and pistil are expand and push out. The
sepals will spring into 2 petals.

6 Clasp or pin phase: When the flowers are in full bloom, petals will begin

to fall off until only the pistil remains. It is like a clasp or a pin.

e

Figure 2.7 Rat's foot Figure 2.8 Button

phase [12]. stretching phase [12]. phase [12].

Figure 2.9 Bracelet head Figure 2.10 Flowering Figure 2.11 Clasp or

phase [12]. phase [12]. pin phase [12].

At the flowering stage, durian plants need higher phosphorus (P) and potassium

(K), as this will help with more flowering and strong flowering. Fertilizer 9-24-24 should be
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used. If farmers want to speed up flowering, use fertilizer 10-52-17 amount 100-200 ¢ per

1 m diameter of the canopy, shoveling the soil, fertilizing and watering.

2.1.2.3 The fruiting stage

Fruiting is the transition from

flowering to immature fruit that proceeds petal
following successful pollination. Durian
stamens
flowers bloom in the late afternoon from
stigma

1-2 p.m., the stigma will be ready to

collinate, and the stamens will begin to Figure 2.12 components of durian flower.
discharge anthers in the evening at 4-5 p.m. The petals and stigma will bend in from 6-7
p.m. after full flowering. Pollen will be released from the stamens and mixed with the
stigma. The best period for pollination is between 8 and 10 p.m. When pollination is
successful, the stamens fall down the style to the ovules, where they release the genetic
material into the eggs. Fertilization induces physiological changes in the eggs, and cell
division results in immature fruit.

The development of durian fruit is separated into 4 phases [13]:

1 0-2 weeks after flowering: The fruit is rather tiny. Tissues and organs will
develop slowly. Because there is so much fruit, competition amongst the
fruits causes the nutrients drawn from the stems to be relatively low. The
perfect and well-positioned fruits will be able to obtain enough food for
growth, whereas other fruits will eventually fade away since they do not get
enough food.

2 3-7 weeks after flowering: Tissues and organs will develop quickly,
especially in the bark. As a result, there is an increase in nutrient drawing,

as well as a durian fallout effect due to nutritional deficiency. However, it is

dependent on the supply of the food; if the durian tree has sufficient food
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sources to fulfill the requirements of each fruit, the amount of fruit shedding
can decrease.

8-12 weeks after flowering: Tissues and organs grow at a breakneck pace.
Because seeds and durian pulp grow quickly, amounts of food are drawn
up. If durian is insufficient food supply to fulfill the demand, resulting in a
tiny, non-growing, and disproportionately shaped durian impact. If the
condition is severe, the fruit will be discarded, and the pulp effect may
result in uneven flesh color.

13-16 weeks after flowering: Durian fruit will be completely ripe and ready
for harvest. If the durian tree has enough food sources, it produces a healthy
yield with standard size, numerous, and high quality. Nevertheless, if the
durian tree does not have enough food sources, the resultant output is tiny,

late ripening, and of low quality.

Durian trees require more potassium (K) during fruiting because it increases the

quality of the fruit. If the food supply from the durian tree is insufficient, the weakest

impact may be lost, and the durian fruit may be of poor quality. As a result, adequate

fertilizer and water must be given. The fertilizer 13-13-21 should be applied at a rate of

85-100 ¢ per 1 m diameter of the canopy. The sulfur-soluble may be utilized, but not in

overabundance since it may be damaging to the durian tree.

2.1.2.4 The harvesting stage

When the durian fruit is mature, it is ready to be harvested. The durian fruit can

be divided into 3 types according to the age of the fruit [13].

1 Light weight: The harvesting period is 95-105 days after flowering, such as

durian CV Luang, Kradum Thong, Chani, Khiaosaat, etc.

2 Middle weight: The harvesting period is 105-120 days after flowering, such

as durian CV Kan Yao, Chomphusi, Thongyoichat, Monthong, etc.
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Heavy weight: The harvesting period is 120-140 days after flowering, such

as durian CV Chaimafai, etc.

Only mature durian fruits should be harvested for good output. Due to a variety

of causes, not all durian fruits mature at the same time. As a result, the following

techniques for determining durian fruit that is ready to has been used harvested [13]:

1

Observe the fruit stem: The fruit stem must be in hard and dark color. A
pestle is felt while touching the stalk. It feels like spring as the stem swings.
Observe the thorns: The thorn tips are dark brown, dry, and easily broken.
It feels like spring when squeeze the thorns together.

Observe the slit line between the lobes: It will be able to clearly observe
the slit between the lobes.

Stem tasting: When the fruit stem is cut off, clear liquid appears. It should
not gooey and has a sweet taste.

Thorns knocking: When knocking on the thorns, there will be a squeaky
sound.

Durian fruit fall: When durian fruit begins to fall, it indicates that the durian
is mature, old, and ready for harvest.

Age counting: Itis countable after flowering according to the harvesting

period.

Farmers must maintain durian trees after harvesting to a collect enough food to

bear fruit for the next fruitful season, which can be done as follows [13]:

1

Before the completion of harvesting: Pruning the tree that has already
harvested fruits to hasten the sprouting of new leaves which it will increase
air circulation inside the canopy, prevent disease and insect spreading, and
raise carbon dioxide within the canopy. As a result, the durian tree will

effectively photosynthesize to collect food for the next season.
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2 Post-harvest: To compensate for the lost nutrients, the farmer should
apply fertilizer 15-15-15 around the canopy at a rate of 350 ¢ per 1 m
diameter of the canopy, and it should be mixed with organic fertilizer at a
rate of 10-20 kg per plant.

3 Sprouting of new leaves: The young leaves must be fully preserved by
spraying chemicals to prevent diseases and insects, and foliar nutrients must
be provided. The farmer should apply 300 ¢ of fertilizer 7-13-34 + 12.5 zinc
per plant.

4 Before flowering: To accelerate flowering, the farmer should prune and

treat with 9-24-24 or 12-24-12 fertilizer in amounts of 2-5 kg per plant.

2.1.3 The nutrient content of durian leaves
The proper nutritional content in durian leaves which helps durian trees produce
quality fruit was shown in Table 2.1. The durian tree obtains sufficient nutrients, which not
only improves its ability to produce good fruit. It also helps the plant to be strong,
complete, to produce a lot of blossoms, and to be ready to produce fruit in the next
season.

Table 2.1 The appropriate nutrient content of durian leaves [14].

Nutrients Appropriate content
N - Nitrogen (%) 2.00 - 2.25

P - Phosphorus (%) 0.15-0.25

K - potassium (%) 1.00 - 2.00

Ca - Calcium (%) 0.90 - 1.20

Mg - Magnesium (%) 0.40 - 0.60

Fe - Iron (ppm) 40.00 - 60.00

Mn - manganese (ppm) 40.00 - 200.00

Zn - zinc (ppm) 15.00 - 25.00
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2.2 Primary nutrients

Nitrogen (N), phosphorus (P), and potassium (K) are primary nutrients that plants
require in substantial quantities than other nutrients. It assists growth of plants and the
completion of the plant life cycle, as well as a lack of it, can have an influence on crop
production and growth. The cultivation of durians is similar. Durian plants require proper
nutrition that will provide good and high-quality outcomes. Each primary nutrient is

important to plant as follows [15]:

2.2.1 Nitrogen (N)

Nitrogen is a non-metal element with atomic number 7 and mass 14.008u.
Approximately 78% of the nitrogen in the atmosphere is in the gaseous state, which plants
cannot directly take, but may absorb in the form of ions such as nitrate ions (NO5) and
ammonium ions (NH4), and molecules such as urea [CO(NH,)] and amino acids. Nitrogen
is essential in the following:

Activation of plant growth: nitrates act as signals which regulate metabolism and

the physiological development of plants such as root development, leaf

development, seed germination and flowering.

Protein composition: nitrogen is the most abundant element in proteins. Proteins

are structural components of the cytoplasm, tissues, and enzymes in plants.

Amino acids composition: nitrogen is a component of sglutamic acid that

photosynthesis occurs. The amino acids are components of proteins that send a

signal to the ends of roots for growth.

Plant hormones composition: nitrogen is included in the auxin hormone and

cytokinin hormone. Auxin hormone is a growth hormone that stimulates cell

division, accelerates cell proliferation, regulates roots, and prevents leaf, branch,

and fruit fall. Cytokinin hormone is responsible for increasing cell division, cell
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growth buds, seed germination, and protein production, as well as decreasing leaf
stagnation and assisting in nutrition movement.

Nucleic acids composition: nitrogen is a component of nucleic acids, which
nucleic acids relate to protein synthesis and genetic storage.

Ammonium composition: nitrogen is a component of ammonium, which is
utilized in the production of fertilizer. However, if the plant absorbs too much
ammonium, its development would be slowed.

Development of seedlings: nitrogen influences photosynthesis and seedling
growth because plants use nutrients from endosperm and convert cotyledons for
photosynthesis during the early stages of germination. Plants that do not obtain
adequate nitrogen, on the other hand, have a poor rate of photosynthesis and
sluggish development.

For durian planting, nitrogen promotes plant growth and strength. This includes

assisting in the nourishment and repair of damasged organs. To be ready for durian

production [14].

2.2.2 Phosphorus (P)

Phosphorus is a non-metal element with atomic number 15 and mass 30.975u.

This element interacts readily with oxygen. As a result, phosphorus does not occur as an

element, but rather as an inorganic phosphate such as calcium phosphate (Cas(POy),).

Phosphorus has a lower concentration of macronutrients in plants than nitrogen and

potassium. Phosphorus is essential in the following:

Nucleic acids composition: phosphorus is an important component in nucleic
acids which is the structure of the DNA strands used to store genetic information.
Phospholipids composition: phosphorus is a structural component of

phospholipids in membranes. Phospholipids help to keep cell membranes stable.
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Coenzymes composition: phosphorus is a component in coenzymes such as
NAD+ (nicotinamide adenine dinucleotide) that used in the respiration process,
NADP+ (nicotinamide adenine dinucleotide phosphate) that used in
photosynthesis, FAD (Flavin adenine dinucleotide) that help catalyzes oxidation-
reduction reactions, and coenzyme A that used in the decomposition and synthesis
reactions of lipids.

Phytate composition: phosphorus is a component in phytate, which is a
component of seeds, pollen, and roots, and regulates starch synthesis in seeds.
Metabolism regulation: phosphates regulate carbohydrate metabolism and
photosynthesis.

Myoinositol signals: plants use myoinositol phosphates for hormone signaling.
Phosphatidylinositol phosphates are used as signal regulators from plant disease.
For durian planting, phosphorus aids in the acceleration of flowering, resulting in

an abundance of flowers on the durian tree [14].

2.2.3 Potassium (K)

Potassium is-an alkali metal element with atomic number 19 and a mass 39.10 u. It
easily reacts with oxygen in both air and water. Potassium is absorbed by plants as
potassium ions (K*). Potassium is easily transported both within cell and cell-cell in tissues
of plants. Potassium is essential in the following:

Electrical control: potassium controls the electrical of inorganic and negatively
charged organic matter such as anions of organic acids, DNA and phospholipids
and controls the electric potential of the membrane.

Enzyme activation: potassium serves to stimulate the activity of about 50

enzymes.



20

Protein synthesis: potassium is essential in the protein synthesis of multi-cellular
plants. The optimum rate of ribosome protein production is dependent on proper
potassium consumption.

Photosynthesis: potassium encourages the synthesis of ATP (adenosine
triphosphate) in photophosphorylation process and maintains the structure of
chloroplast and piroplasmids suitable for carbon dioxide fixation.

Cell enlargement: before cell enlargement, potassium helps to stabilize the pH
in the cytoplasm and reduce the osmotic potential in the vacuole. If plants have
enough potassium in combination with cytokinin, they can help grow cells four
times more well than potassium-deficient plants.

Opening and closing of the stomata: when the potassium concentration in the
control cells rises, water transfers from the apoplast into the control cell, causing
the cells to turgor pressure and the stomata to open; when the potassium
concentration in the control cells drops, the stomata close.

Sleeping leaves: potassium content was controlling the spreading and folding of
plant leaves in response to changes in day and night, or the rhythm of the day.
Phloem transport: potassium is responsible for helping sucrose enter the phloem
and move more solute in the phloem.

For durian planting, potassium helps the fruit's rapid growth, strength, and

attractive skin color. It also aids in the resistance of some plant diseases [14].

2.3 Nutrient analyzer
In this study, the nutritional analysis utilized for nitrogen (N) analysis was CNS
analyzer, while ICP-OES (inductively coupled plasma optical emission spectrometer) was

applied for phosphorus (P) and potassium (K) measurement. These instruments are used
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to measure nutrient content in the standard method (AOAC 984.27 for P and K analysis),

which is then utilized as a reference value in modeling.

2.3.1 CNS analyzer
CNS analyzer is a quantitative examination of the elements carbon (C), nitrogen
(N), and sulfur (S) in a sample. Following sample combustion with oxygen gas to generate
an oxidation reaction that provides a mixed gas, the mix gas is separated into a pure gas,
the element content of the sample is measured using a Thermal Conductivity Detector,

and it is processed with a computer.

2.3.1.1 The principle of CNS analyzer
Combustion with oxygen gas (O,) is a chemical reaction that occurs when a
combustible substance reacts with oxygen, releasing thermal energy. Simultaneously, it is
transformed into a compound oxide or complete combustion product, namely carbon
dioxide (CO,) and water (H,O) [16]. By incinerating samples containing C, N, and S
components in the presence of O,, the following compounds will be formed:
2CO + 0, > 2C0O,
N+ O, —-> NO,
ANH; + 30, --> 2N, + 6H,0
S+ O, > SO,
250, + O, > 250;
The combustion technique is used to burn the sample to measure components
C, N, and S in CNS analyzer. After weighing the sample into a container and placing it in
an auto-sampler, the sample capsule is dropped into a high temperature combustion tube
with helium (He) gas as a carrier gas. When passes through O,, it reacts and releases
thermal energy, raising the temperature to 1800°C, allowing for more complete
combustion of components C, N, and S. The sample is oxidized to a mixture of gases: N,

N,O,, CO,, H,0, SO, and SOs (Figure 2.13); then, N,O, is converted to gas N, and SOs to gas
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SO, by a reduction process (Figure 2.14), and H,O is removed by filtering to separate the
gas. The combination gas was converted to pure gas using a GC Column, and the quantity
was quantified using a thermal conductivity detector (TCD) as chromatograms of peak C,
N, and S that were computer controlled. The resultant chromatography is compared to
standard substances, and the results are presented as a percentage (%) of C, N, and S [17,

18].

Sample

021.5‘ e He

Combustion of the
sample gives:

N,, N,O,, CO,, H,0,
SO, and SO,

Figure 2.13 Oxidation [18].
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Figure 2.14 Reduction [18].
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2.3.1.2 Components of CNS analyzer
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Figure 2.15 Components of CNS analyzer [18].

Components of CNS analyzer (Figure 2.15) have 8 parts [18]:

1 Auto-sampler is used to put the sample into the capsule.

2 Furnace is used to burn for oxidation.

3 Oxidation Reactor using glass wool to reduce heat.

4 Reduction reactor using copper and N-catalyst for reduction.

5 H,O Trap using anhydrone to remove water vapor from the mixture gas.
6 GC Column serves to separate the mixed gas to pure gas.

7 Thermal Conductivity Detector (TCD) measures the amount of pure gas.

8 Analysis, control, processing and display system

2.3.1.3 Durian leaves sample preparation for CNS analyzer
To analyze nutrients using a CNS analyzer, the sample must be prepared such that

it is small enough to allow for complete combustion. The sample is made in the follows:
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1) Dry sample of dried ground leaves at 70°C for 48 hrs.
2) Sieve samples through 0.1 mm.

3) Weigh sample of 0.1000 ¢ and put it in a container.
4) Put a container to CNS analyzer for analyzing.

One sample takes about 3-5 minutes for analysis and 30 minutes for all the process.

2.3.2 ICP-OES (inductively coupled plasma optical emission spectrometer)

The ICP-OES technique is used to evaluate the quantity of phosphorus (P),
potassium (K), sulfur (S), calcium (Ca), magnesium (Mg), iron (Fe), manganese (Mn), copper
(Cu), zinc (Zn), boron (B), molybdenum (Mo) and nickel (Ni) in a sample by measuring the
amount of light energy released by the sample's atoms. When heat energy is applied to
atoms, electrons from the ground state become excited state, and when they return to
the ground state, they release light energy. The released light energy is then directed to
the optical isolator, where the signal is collected, converted into electrical contracts, and
the nutritional content is analyzed. The samples used in the analysis must be prepared in
the form of a solution and have a limit of measurements at the billion-part scale (parts

per billion, ppb).

2.3.2.1 Theory of the released light energy

When providing thermal energy to the atoms that change the state of an electron
from the ground state to the excitation state. Atoms are composed of protons, neutrons,
and electrons which protons and neutrons combine to nucleus, and electrons orbit the
nucleus. The electron arrangement is characterized by orbital. Each orbital has its own
unique set of energy levels. The energy levels of orbitals positioned farther from the
nucleus are higher. In ground state, the atomic has the lowest energy level and is most
stable. Many phenomena occur when energy is applied to an atom. Which ICP-OES
technique, electrons absorb energy and change into electrons ground state to the

excitation state that called excitation. Electrons from the ground state jump up to another
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orbital where higher energy level. Therefore, the atoms are not stable, which the electron
attempts to release the energy to back to ground state (Figure 2.16). The energy loss may
appear in multiform, 1) energy transferring to other atoms by crashing, 2) energy loss in
the form of electric magnets that celled photo, 3) electrons absorbed enough energy to
cause the electrons to fall out of the atom, so the atoms are electrically imbalanced,
causing them to form a positive charge. Showing excitation ionization and emission, the
energy emitted changes the state of radiation in the form of electromagnetic waves or

heat (Figure 2.17) [19].

Figure 2.16 Receiving and releasing energy when stimulated atomic [19].
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Figure 2.17 Diagrams of energy level when receiving and releasing energy [19].

The difference energy between the high energy level and the low energy level of
the state transition indicates the wavelength of the electromagnetic wave related to the

transition. It can be calculated using Planck's equations:
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E=hv (2.1)

where E is the energy value (J)
h is the Planck 's constant (6.626 x 10 >*J s)
V is the frequency of radiation (s)

But from the equations

Ve < 2.2)
=== :
where c is the speed of light (m s™)
A is the wavelength (m)
therefore
S (2.3)
e _

The energy value is shown to be inversely related to the waveleneth. Each element
has a unique set of energy levels. As a result, each element has its own set of wavelengths

resulting from energy absorption and releasing.

2.3.2.2 The principle of ICP-OES

ICP (inductively coupled plasma) is an energy resource to the atomic emission
spectrometer using argon (Ar) gas to generate plasma. Plasma is energy resource for the
solution sample, whereby the plasma formed in atmospheric pressure conditions is
maintained by receiving energy transferred from electromagnetic fields generated by the
induction of radio frequency (RF) electromagnetic waves.

When a high-frequency current is directed to a copper induction coil, and water
flows through it for cooling, an electromagnetic field change occurs around the coil. The
free electrons in the torch are induced by the electromagnetic field that move in a circle
perpendicular to the electromagnetic field. The electrons crash with the atoms of argon

gas coming from a quartz glass torch resulting in the cation of argon gas and electrons and
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heat that is called plasma. Collisions occur continuously in a chain reaction, thereby
allowing the plasma to remain intact. The transmission of energy to plasma is like a
transformer, where the induction coil is the primary winding, and the disintegrated gas is
like a secondary winding. This characteristic of plasma formation is called inductively

coupled plasma discharge (ICP discharge) [19].

Figure 2.18 ICP torch plasma formation [19].
Figure 2.18 shows step of ICP torch plasma formation [19]:

(a) Releasing argon gas through the torch.

(b) Passing current to the inductor coil.

(c) Changes in the electromagnetic field around the induction coil, causing the
electrons in the torch to be induced and move in a circle perpendicular to the
electromagnetic field and crash with molecules of argon that causing the
disintegration of Ar'+ e".

(d) Heat production is called plasma.

(e) Injection solution sample through plasma.
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Figure 2.19 Regions of plasma [19].

The regions of the plasma in each zone are called differently (Figure 2.19). The
base is toroidal or donut-shaped because the argon gas that flows through and the
sample droplets enter the center of the plasma. This region is known as the induction
region (IR). Next, the sample droplets are solvent separation at the preheating zone (PHZ),
where the plasma separates the solvent from the sample droplets by desolvation,
leaving only small solid particles of sample, and molecules are decomposed into
gaseous by vaporization, then the molecules are sub-divided into atoms by atomization.
The atoms are excited and ionized in the radiation zone (IRZ) by ionization, where
temperature is about 8,000°K. The stimulated atoms will emit unique rays. The atoms or
ions in the excitation state are atoms or ions with higher energy levels by excitation
process, and the normal analytical zone (NAZ) is where the emission line of the element
to be analyzed is measured, which has a temperature of 6,800°K [19]. Figure 2.20 shows

the process of vaporization, atomization, and ionization of the solution.
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Figure 2.20 The process of vaporization, atomization, and ionization of

the solution [19].

2.3.2.3 Components of ICP-OES
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Figure 2.21 Components of ICP-OES [19].
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Components of ICP-OES (Figure 2.21) have 5 parts [19]:

1 A radio frequency generator (RF) is a device that supplies energy of radio
frequency current to the plasma through a coil to produce plasma and keep
the plasma in shape.

2 The CP source is consists of quartz glass torch, copper inductive coil, and
connected to an RF generator that water flows through the torch for cooling.
Which is connected to the control system for the pressure and flow rate of
argon gas.

3 The sample introduction consists of a spray chamber, nebulizer and peristaltic
pump that is system for sample introduction into the plasma.

4 A spectrometer is a system for separating the wavelength of light that is
generated by the lisht energy emission of atoms or ions of a sample. It is a
beam of light with a single wavelength (monochromatic light). This single beam
enters the detection to convert the light signal to electric signal, enter it into
the signal analysis system and calculate.

5 System of signal analysis, control process, and display nutrient content.

2.3.2.4 Durian leaves sample preparation for ICP-OES
To analyze nutrients with the ICP-OES, a mixed solution of a standard solution with
a known concentration value (1,000 mg U'!) must be prepared and then analyzed with the
ICP-OES for creating a standard graph of each element. The standard graph is used for
determining the nutrient concentration in the sample, and the reference solution is used
to verify the accuracy of the standard graph in nutrient analysis, when several samples are

analyzed.
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1 Preparation of standard solution

Table 2.2 Mixture of standard solutions concentrations.

group nutrient Standard solution Volume Initial solution

concentration (mg (™) per 100 concentration

high  medium low m*x(mL (mglh)

anion P 50 5 1 5 1,000
S 50 5 1 5 1,000
B 3 0.3 0.06 6 50
Mo 2 0.2 0.04 aq 50
cation K 200 20 a 20 1,000
Ca 200 20 a4 20 1,000
Mg 6 6 1.2 6 1,000
Fe 10 1 0.2 1 1,000
Mn 10 ih 0.2 2 500
Cu 2 0.2 0.01 a 50
Zn 2 0.2 0.04 a4 50
Ni 2 0.2 0.04 aq 50
Internal
Vs 2 2 100
standard

*It is a standard solution that is mixed at high concentration.

1) Prepare the solution used to adjust the volume. For leaf nutrient analysis,
aqua regia is used as a volumetric modulator, since aqua regia is used to
digest leaf samples. Aqua regia was obtained by mixing nitric acid (HNO,) at a
concentration of 37% by weight (14.8 M) and hydrochloric acid (HCl)

concentration of 28% by weight (12.0 M) in a ratio of 1 to 3.
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Prepare the initial standard solution, a known standard material concentration
is 1,000 ¢ ml* some nutrient need to be diluted to achieve the desired
concentration by adjusting the concentration of the element solution as
follows:

- B, Mo, Cu, Zn and Ni, adjust the concentration to 50 ¢ ml™*

- Mn, adjust the concentration to 500 g ml™*

- Y, adjust the concentration to 100 ¢ ml™*
Prepare a high-concentration standard solution as shown in Table 2.2 by
dividing the nutrient into 2 groups: anion group and cation group.

For the anion group, drop a standard solution of each nutrient in a 100 ml
flask is as follows:

- P, concentration 1,000 ¢ mU* = 5 ml

- S, concentration 1,000 ¢ ml* = 5 ml

- B, concentration 50 g m(* = 6 ml

- Mo, concentration 50 g mt! = 4 ml

Firstly, filled Y 100 ¢ mU! 2 mlinto a flask, and volumetrically adjusted with
aqua regia for analysis of nutrients at high concentrations, and the other flask
is volume-adjusted with aqua regia without Y to be used as a precursor to
standard solvent samples at medium concentrations.

For the cation group, drop a standard solution pipette for each nutrient in
a 100 ml flask is as follows:

- K, concentration 1,000 ¢ ml* = 20 ml

- (Ca, concentration 1,000 ¢ ml™* = 20 ml

- Mg, concentration 1,000 g ml™* = 6 ml

- Fe, concentration 1,000 ¢ ml* = ml

- Mn, concentration 500 ¢ ml™* = 2 ml

- Cu, concentration 50 ¢ ml! = 4 ml
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- Zn, concentration 50 g ml! = 4 ml
- Ni, concentration 50 ¢ ml! = 4 ml
Firstly, filled Y 100 ¢.ml™* 2 ml into a flask, and volumetrically adjusted

with aqua regia for analysis of nutrients at high concentrations, and the other
flask is volume-adjusted with aqua regia without Y to be used as a precursor
to standard solvent samples at medium concentrations.
Prepare the mixed standard solution at medium concentration according to
Table 2.2 by pipetting 10 ml of high concentration standard solution in a 100
ml flask. filled Y 100 ¢ mU™* 2 ml into a flask, and volumetrically adjusted with
aqua regia for analysis of nutrients at medium concentrations, and the other
flask is volume-adjusted with aqua regia without Y to be used as a precursor
to standard solvent samples at low concentrations by preparing both the base
solution of the anion and cation groups.
Prepare the standard solution mixed at a low concentration according to Table
2.2 by pipetting 20 ml of medium concentration standard solution in a 100 ml
flask. filled Y 100 g ml? 2 ml into a flask, and volumetrically adjusted with
Aqua regia for analysis of nutrients at low concentrations by preparing both
the base solution of the anion and cation groups.

2 Preparation of the reference solution

Drop a standard solution at a high concentration of 50 ml in a 100 ml flask, Y

as follows:

1)

concentration 100 ¢ ml™* 2 ml and adjust the volume with aqua regia to be used as a
reference solution. The concentration of the reference solution is half the concentration

of the standard solution at high concentrations.

3 Preparation of the sample solution

To analyze nutrients with an ICP-OES, the sample must be prepared as a solution

Dry sample of ground leaves at 70°C for 48 hr.
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2) Sieve sample through 40 mesh (0.42 mm).

3) Weigh 0.2500 ¢ of sample and put it in the crucible.

4) Burn at 500° C for 6 hr.

5) After burning, drop Aqua regia 10 ml to the crucible and leave it overnight to
digest plants.

6) Fill Y concentration (Internal standard) 100 ¢ ml* 1 ml to the crucible and
adjust the volume with Aqua regia to 50 ml.

7) Filter the sample through filter paper no.1.

8) Samples Analysis by ICP-OES.

One sample takes about 4-5 minutes for analysis and 18-20 hrs for all the process.

2.4 Near infrared (NIR) spectroscopy

Near infrared spectroscopy is a technique that uses the principle of interaction,
when a near infrared (NIR) wave shines through a material, chemical bonds inside the
material absorb energy and cause bond vibrations at each wavelength which is related to
the sample's structure.

The NIR technique is a rapid and non-destructive approach. However, it may be
employed in variable measurement with no or little sample pretreatment. As a result, the
NIR technique is an alternative to the widely used method of verifying the quality of

agricultural products.

2.4.1 Principles of Near infrared spectroscopy
Near-infrared spectroscopy (NIRs) is a non-invasive analytical technique used to
gather information about the molecular composition and properties of materials. It
operates in the near-infrared region at wavelength of 800-2,500 nm or wavenumber
12,500-4,000 cm™ [20]. In NIRs, a light source emits near-infrared light onto a sample, and

the transmitted or reflected light is detected and analyzed. The technique relies on the
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fact that different molecules absorb and scatter light at specific wavelengths due to their
molecular vibrations. The intensity of transmitted or reflected light is measured at specific
wavelengths, generating a spectral pattern [21]. The absorption energy assigned to the
stretching and overtone/combination vibrations of various bonds such as C-H, N-H, S-H, C-
C, C=C, C-N, and O-H in the NIR spectral region [22]. Thus, each sample has a unique
spectrum because of different bonds within sample which results of the interaction with
NIR radiation are different. Furthermore, particle size and of the samples have an
important effect on NIRS [23, 24].

Near-infrared spectroscopy is considered a useful technique in non-destructive and
rapid analysis and can be applied to a variety of samples. In addition, NIRs enables
continuous monitoring of processes and systems and real-time. Furthermore, it has a
possibility to reduce the cost of sample preparation [25]. Therefore, NIRs is nowadays
popular for estimating the quality and quantity of samples in food [26], agriculture [27],

[28] , etc.

2.4.2 Near-infrared absorbance mode

As NIR radiation passes through or into a sample, the attenuation of the emerging
(transmitted or reflected) beam is measured and convert to NIR absorbance [29]. The basic
types of NIR absorbance measurement method is transmittance, transflectance,
reflectance and interactance [30].

Transmission mode is measured where the light hits the sample on one side and
passes it onto the detector [30]. The light passing through the sample is measured on the
opposite side (Figure 2.226a). It is suitable for transparent and not thick samples, about 1-
50 mm, such as clear liquids contained in quartz tubes, etc.

Transflectance mode is measured where light hits the sample and passes through

the sample to a non-absorbing material (ceramic, gold, or aluminum plate) below the
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sample, and then reflecting it back to the detector (Figure 2.22b) [30]. It is suitable for
aqueous samples or thin materials such as leaf, etc.

Reflectance mode is the light incidents on the surface of the sample propagate in
a certain depth first, and then measure the amount of light reflected by detector (Figure
2.22¢) [30].

Interactance mode is a cross between transmittance and reflectance. In the case

of a fiber optics probe, the light will come out of light ring in the probe to hit the sample,

and the light reflected from the sample to the center of the probe (Figure 2.22d) [30]. It

is suitable for fruit samples.

detector

reflecta

(a) Transmittance (b) Transflectance

sample

’II

detector

(c) Reflectance (d) Interactance

Figure 2.22 NIR absorption measurement methods.
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2.4.3 Near-infrared spectroscopy instrument
The principle of the near infrared (NIR) spectrometer is the light passes through a
beam splitter to separate the light into different wavelengths and then the light passes
through the material. The unabsorbed light is detected by detector and then processed
the signal to estimates as a spectrum of absorption. The main components are as follows:

lisht source, beam splitter, detector, and processor (Figure 2.23) [30, 31].

D ;l
- - !I /// (:?
4 LY /
Sy Y
Light source Beam splitter Sample Detector Processor

Figure 2.23 Main components of near infrared spectrometer.

Tungsten Halogen lamps are commonly used for light source, which are lamps
that rely on heat to the light generation. The lamp contains halogen substances including
iodine, chlorine, bromine, and fluorine particles into a glass tube that is made of quartz.
This substance prevents sublimation of the filament, which operates at a high temperature
of about 3,000-3,400°K, extends the lamp life by 1,500-3,000 hours and has a color index
accuracy of 100% [32]. The beam splitter is a device for splitting a beam of light into each
wavelength to shin to samples such as optical filter, moving grating, acoustic-optic Tunable
Filter (AOTF), Michelson Interferometer, polarization Interferometer or diode arrays [30].
The detector is a device used to measure the light intensity after NIR waves pass through
the sample. Commonly used detector materials are PbS (lead sulfide) and InGaAs (lead
sulfide) [30]. Processor is to transfer data of the light intensity (after the light passes
through the sample) to spectrum for modeling in the future.

In this study, a MPA FT-NIR spectrometer (Bruker Ltd., Germany) was used, which
is a near infrared spectrometer with a beam splitting Interferometer [33]. The MPA FT-NIR

spectrophotometer has the following advantages: 1) the wavelength covering in the near
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infrared region of 12,500-4,000 cm™ (800-2,500 nm). 2) high accuracy due to high signal to
noise ratio (s/n). 3) it can be used solid, semisolid, and liquid samples. 4) it can be used
in multiple modes including sample compartment, integrating sphere, fiber optic probes,
and transmission unit with optional sample wheel. 5) it has an easy-to-use system by the
opus program. 6) the detector has a high sensitivity because it uses InGaAs. 7) it has long

service life, durable, easy maintenance. and 8) it is suitable for laboratory and system

applications to measure the quality of various materials [33].

N4

N
=

(@
Figure 2.24 FT-NIR spectrometer in different modes [33].

Figure 2.24 shows mode of FT-NIR spectrometer [33]:

(@) Sample Compartment: applies with liquid samples that require temperature
control.

(b) Integrating Sphere: applies with solid, semisolid or liquid samples.
The cup can rotate in case the homogeneous sample.

(c) Fiber Optic Probes: applies with solid or liquid samples located in tanks
or requiring direct contact with samples.

(d) Transmission Unit with optional sample wheel: applies with automatic

samples.

2.4.4 Near-infrared spectroscopy applications with nutrient in leaf
Near-infrared spectroscopy (NIRs) can be applied to analyze the nutrient content
in leaves, providing valuable information about plant health, nutrient status, and

physiological processes. There have been several successful studies using NIR to estimate
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macronutrients in the leaves of different plants. Table 2.3 summarizes research on NIRs

to estimate nutrients in leaves.

Table 2.3 Research on Near-infrared spectroscopy and nutrients in leaves.

Sample Type  Wavelength (hm) Analysis r? Reference

N

Apple Fresh 350-1100 Rfrog-RF  0.970  Azadnia et al., 2023 [34]

Tea Fresh 833-2630 VCPA- 0.9371 Guo et al,, 2023 [35]

IRIV-PLS

Moringa Ground 1000-2500 PLS 0.92 Rébufa et al., 2018 [36]

Oleifera Dry

Olive Ground  450-1000 PLS 0.73 Rotbart et al., 2013 [37]
Dry 1100-1700 0.91

Sugarcane Ground = - A 0.989  Yarce and Rojas, 2012 [38]
Dry

P

Apple Fresh 350-1100 Rfrog-RF~ 0.955  Azadnia et al. 2023 [34]

Rubber Fresh 350-2500 CRDR-LM-  0.820  Guo et al., 2022 [39]

WEVC

Tea Fresh 900-1750 SPA-MLR - 0.9423 Wang et al., 2020 [40]

Sugarcane Ground - PLS 0.988 Yarce and Rojas, 2012 [38]
Dry

K

Apple Fresh 350-1100 Rfrog-RF  0.956  Azadnia et al. 2023 [34]

Tea Fresh 900-1750 SPA-MLR  0.9168 Wang et al., 2020 [40]

Moringa Ground  1000-2500 PLS 0.64 Rébufa et al., 2018 [36]

Oleifera Dry

Sugarcane Ground - PLS 0.979 Yarce and Rojas, 2012 [38]
Dry

*2 coefficient of determination of prediction set; Rfrog, random frog; RF, random forest; PLS, partial least squares; VCPA, core

principle of variable combination population analysis; IRIV, iteratively retaining informative variables;, LM-WEVC, weighted

environmental variables clustering; CRDR, continuum-removed derivative reflectance; SPA, successive projections algorithm; MLR,

multiple linear regression

Fresh and ground dry plant leaves were studied for use with the NIR spectrometer.

However, it is difficult to determine which sample type is better since both have shown
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success. Therefore, we should try using both sample types with durian leaves to make a
comparison. Additionally, in the studies conducted by Azadnia et al., 2023 [34], Guo et al,,
2023 [35], Guo et al., 2022 [39], and Wang et al., 2020 [40], feature selection wavelengths
were used in modeling. The results demonstrate that the performance of the models was
either better or similar to the model using the full wavelength. We will incorporate feature
selection wavelengths into our model to validate their potential in improving

performance.

2.5 Modeling and performance

In the application of the near infrared technique to predict the standard values,
modeling is important because it is a tool for prediction. The prediction accuracy depends
on the model's performance. Precision models must be based on good data, both spectral
data and standard value data. In addition, the modeling algorithm is also an important
factor because different algorithms have different procedures and data selections.
Therefore, we must choose the appropriate algorithm, and try to apply many algorithms

for comparation the model's performance to find the best model.

2.5.1 Steps of modeling

The steps of modeling (Figure 2.25) start with NIR scanning of the samples to obtain
spectra, after that the sample was standard analyzed to obtain reference values. Then
match spectra and reference value, which this data will be used to model. Next, separating
data to two main sets: the calibration set, and the validation set. The calibration set is
used for creating a model with algorithm to predict property (classification model) or
quality (regression model) of sample. After getting the model, it should be validated to
test the model’s performance by validation set. If the test results are reliable, the model

can be used to predict.
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Caution of modeling

1) The reference values of calibration set must cover in both the minimum and
maximum of validation set.

2) The number of samples must be sufficient for modeling that can represent
present and future data.

3) The sampling of data sets is important because they are representative of the
population that affect the true performance of model.

4) Reference methods should be considered, which should be standardized and
accurate methods to obtain accurate reference data because it also affects
modeling. The standard error pf laboratory (SEL) must be calculated.

5) The reference values should test the maximum coefficient of determination
(R%ma)- Which R?.., is highest possible coefficient of determination (R?) of
model, it shows only error of reference method. If R, is high that means this
reference method can be used, but R?,.. is low that means this reference

method cannot be used. R is calculated using the following formula:

2 cp 2
29 SDJ-SEL

max

R (2.9)

Sig

where SD, is the standard deviation of the calibration set data.

SEL is the repeatability of reference method that can be determined by SD value

of the maximum difference in repetition of the same sample for all samples.

6) The NIR scanning should test repeatability and reproducibility. The repeatability
of scanning is standard deviation (SD) value of the absorbance of the scanning
that determined by scanning the same sample, same position and 10 times,
after that selected 3 wavelengths from the overall spectrum and calculated
SD average to present the scanning repeatability of spectrometer. The

reproducibility of scanning is SD value of the absorbance of the scanning that
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is determined by scanning the same sample but re-load sample every time
and 10 time, after that selected 3 wavelengths from the overall spectrum and
calculated SD average to present the homogeneity of sample. If the sample is

homogeneous, it determines the reproducibility of spectrometer.

Sample
A 4
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NIR scanning 4{ Standard analysis ]
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3 v
{ A
Spectra [ Reference value ]
N J

[ Calibration set ]4—4{ Validation set ]
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+
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{ Model’s performance ]

Figure 2.25 Steps of modeling.

2.5.2 Spectra pretreatment
The effect of spectrum includes temperature, humidity, and particle size, which
makes spectrum different because of the light scattering. It makes spectrum additive
scattering or the multiplicative scattering that affects the spectrum shift all wavelength. In
addition, the spectrum obtained overlapping band. Therefore, spectrum treated by
mathematically to reduce the discrepancy. Table 2.4 shows MATLAB code for

pretreatment methods. Examples of spectra pretreatment include:



1) To remove noise
Savitzky-Golay (S-Golay)
2) To normalize or remove baseline shift
First derivative (1D)
Second derivative (2D)
Standard normal variate (SNV)
Minimum-maximum normalization (MMN)
3) Detrending

Multiple scatter correction (MSC)

Table 2.4 MATLAB code for spectra pretreatment [41].

Pretreatment Code

Raw X = raw spectra matrix
row is each spectrum

column is each wavelength

S-Golay X SMT = (sgolay(x’, order, framelen))’;
where x = raw spectra matrix
order = polynomial order

framelen = frame length

1D x_1D = gradient(x)./(- gradient(wave));
where x = raw spectra matrix

wave = wavelength

2D x_2D = (gradient(gradient(x)./(- gradient(wave)))./(- gradient(wave));
where x = raw spectra matrix

wave = wavelength

a3



SNV

[N, m] = size(x);
mean_value = mean(x, 2);
std value = std(x, 0, 2);
temp _mean = mean_value*ones(1, m);
temp_std = std_value*ones(1, m);
X_snv = (x-temp_mean)./temp_std;
where x = raw spectra matrix

n = number of rows

m = number of columns

MMN

[n, m] = size(x);
min_value = min(x, [], 2);
max_value = max(x, [1, 2);
temp_min = min_value*ones(1, m);
temp_max = max_value*ones(1, m);
Xx_mmn = (x-temp_min)./(temp_max-temp_min);
where x = raw spectra
n = number of rows

m = number of columns

MSC

[n, m] = size(x);
mean_spectra = mean(x);
fori=1:n;

p = polyfittmean spectra, x(i, 3), 1);

x_msc(i, :) = (x(, :) - p(2)*ones(1, m)).Ap(1)*ones(1, m));
end
where x = raw spectra

n = number of rows

m = number of columns

aq
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2.5.3 Calibration model
The calibration model is applied with NIR spectrometer to predict reference value
that needs to know from NIR spectra of samples. the prediction values have 2 type that
is quantity (number or value) and quality (group, class or location). The Regression model

is used for quantity prediction and the classification is used for quality prediction.

2.5.3.1 Regression model
The algorithm for regression model such as Principal Component Analysis (PCA),
Principal component regression (PCR), Partial least squares regression (PLS), Support Vector

Machines (LSVM) etc. This thesis focused on PLS for regression model (chapter 5).

1 Partial Least Squares Regression (PLS)

The PLS is created from relationship of X matrices (spectra) and Y matrices
(reference value) that creates a new variable from a linear combination of the original
variables, which is called a latent variable (LV) or component [42]. The number of LVs is
less than or equal to the original number of variants. The original X and Y matrices are

produced as follows:

Where P is x-loading (P" = (T'T)'T'X)
Qs y-loading (Q" = (TTH'T'Y)
B is regression coefficient

T is the score that can be obtained from
T = XW (2.7)

W is x-loading weight

From eq. 2.22 and 2.23 TQ'= X8



a6

XWQ'= XB
WQ'=B
So, B = W(TTT)'TTY (2.8)

Therefore, the predicted valued matrix is calculated as:
¥ = XB = XW(TT)'TTY (2.9)

Table 2.5 shows the MATLAB code for partial least squares regression, which includes

calculating the prediction value.

Table 2.5 MATLAB code for modeling [41].

Algorithm Code

PLS regression [n, m] = size(x);
XL, YL, Xs, Ys, beta, pctVar, mse, stats] = plsregress(x, y, lv, 'cv, n);
yfitPLS = [ones(n, 1) x*beta;
where x = raw spectra
n = number of rows
m = number of columns
y = reference value
lv = number of latent variables
‘cv’ = cross-validation method mode
XU = predictor loadings
YL = response loadings
Xs = predictor scores
Ys = response scores
Beta = coefficient estimates for PLS regression
pctVar = percentage of variance
mse = mean squared error
stats = model statistics

yfitPLS = predicted value
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kNN MdL = fitcknn(x, y, 'NumNeighbors', index);
flwrClass = predict(MdL, x);
where x = raw spectra
y = reference class
‘NumNeighbors’ = number of nearest neighbors mode
Index = number of nearest neighbors
Mdl = trained ClassificationKNN classifier

flwrClass = predicted class

ANN net = patternnet(hiddenLayerSize, 'trainscg’);

[net, tr] = train(net, X, y);

ypred = net(x);

where hiddenLayerSize = number of hidden layers
‘trainFcn’ = scaled conjugate gradient backpropagation mode
net = pattern recognition network
X = raw spectra
y = reference class

ypred = predicted class

2.5.3.2 Classification model

The algorithm for classification model such as soft independent modeling of class
analogies (SIMCA), support vector machines (SVM), k-nearest neighbour (kNN),
convolutional neural network (CNN), artificial neural network (ANN), etc. This thesis

focused on kNN and ANN for classification model (chapter 4).

1 k-nearest neighbour (kNN)
The kNN algorithm was used to classify the groups. This technique determines the
classes that can represent new conditions or cases by checking a certain number. The kNN
algorithm of the same or most similar cases or conditions, either the total number of

conditions or various cases, will be calculated for each class. New conditions are set to
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give the same class as the closest class [43]. Euclidean distances for the calculation is

shown below [44]:

d(xy )= [ Gey) () (2.10)

where d(x,yi) is the distance between the sample and nearest neighbour

X is a vector of matric X

y. is a vector of matric'Y

Table 2.5 shows the MATLAB code for k-nearest neighbour, which includes calculating the

prediction value.

2 Artificial neural network (ANN)

ANN has the same structural and functional form of processing as the human brain,
which adapts itself to the response of the input according to the learning rule. After the
network has learned what it needs, it can perform the assigned tasks. The ANN was
developed to work like the human brain. It consists of a processing unit called neurone.
The number of neurones in the human brain is estimated and connected together [45].

The ANN function is as follows [46];
H(X) = bIaS + (X1W1) Sk (X2W2) & ..... + (Xan) (211)

where H(x) is the sum function of the hidden layer
X; is the sample i
w; is the corresponding weights of X;
n is the number of samples
Table 2.5 shows the MATLAB code for artificial neural network, which includes calculating

the prediction value.
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2.5.4 Validate method
When the model is obtained, the validate model must be examined to measure the

effectiveness of the model to know accurately.

1) internal validation

- Cross-validation: is a model testing technique that involves leaving one
sample out at a time. The model is tested n times, corresponding to the
size of the dataset. The process begins by extracting one sample, then
creating a model using the remaining examples. Next, the model is tested
with the initial extracted sample to evaluate its performance. This process
is repeated with different extracted samples until the entire dataset is
covered. The final performance measure is typically computed as the
average or aggregate of the performance metrics obtained from the n
iterations.

- Test set: is used for model testing and is created by splitting the data
before modeling. The process starts by separating the dataset into a training
set-and a test set, with a common split ratio being 90-10, 80-20, or as
needed. The training set is used to create the model, while the test set is
used to test the performance of the model trained on the training set.

2) external validation

- Unknown test: after internal validation, if the model is available, the
unknown test confirms whether the model can accurately predict the next
sample. An unknown sample refers to a new sample that is not related to
the modeling process, such as a sample collected at a later time or from

a different location.
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2.5.5 Model’s performance

2.5.5.1 Regression model’s performance
1 Coefficient of determination (R?)
R?is a value that represents the proportion of variance in an independent variable
(X) that can explain the variance in a variable based on (Y). the R?* of the model can
compare with Table 2.6 to determine the function of the model. The R? can be obtained
from the equation [47]:

-'\11 (y. -y.)
RAH/1/ m (2.12)

where R%is coefficient of determination
y. is reference value of each sample
9] is the predicted value of each sample

y is the mean of the reference value of the sample

Table 2.6 Guidelines for the interpretation of R* [48].

R? meaning

<0.66 insufficient for application
0.66-0.81 approximate quantitative prediction
0.81-0.90 good prediction

>0.90 excellent prediction

2 Root mean square error (root mean squares error; RMSE)
RMSEE is root mean squares error of estimation for the calibration set. RMSECV is
root mean squares error of cross validation. RMSEP is root mean squares error of

prediction. The RMSE can be obtained from the equation [47]:
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RMSE = (2.13)

where RMSE is model mean square error

3 Standard deviation of error (SE)
SEE is the standard error of estimation for the calibration set. SECV is the standard
error of cross validation. SEP is the standard error of prediction. The SE can be obtained

from the equation [47]:

2

N9
N Ly, - yi)_w]
i (2.14)
N-1

Where SE is standard deviation of the prediction error.

4 Ratio of prediction to deviation (RPD)
RPD is the ratio of the standard deviation of the error to the standard deviation.
the RPD of the model can compare with Table 2.7 to determine the function of the model

The RPD can be obtained from the equation [47]:

SD
RRIP=g (2.15)
SEP

where RPD is ratio of prediction to deviation

Table 2.7 Guidelines for the interpretation of RPD [48].

RPD meaning

<2.00 insufficient for application
2.00-2.50 approximate quantitative prediction
2.50-3.00 good prediction

>3.00 excellent prediction
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5 Mean error (bias)

Bias is the mean of the error between the reference value and the predicted

value from the model. The bias can be obtained from the equation [47]:
=1 O -y
bias = 2 079 (2.16)

where bias is mean error with sign

2.5.5.2 Classification model’s performance

Figure 2.26 shows a confusion matrix of 3-class classification including class1 = low-
level, class2 = appropriate-level, and class3 = high-level. The confusion matrix is an

example used to evaluate the classification model. TP is the true positives and E is the

misclassification.

Actual class

Low-level Appropriate-level High-level

2 Low-level TP; EArL Em

c

= ;

A ate-lew

% ppropriate-level Fia TPa Ena

g

" High-level Frn Bau TPu

Figure 2.26 Confusion matrix of 3-class classification.

Note

TP is the correct prediction of low-level.

TP, is the correct prediction of appropriate-level.

TPy is the correct prediction of high-level.

Ea is the actual class being appropriate-level, but the model predicted as low-level.
Ey is the actual class being high-level, but the model predicted as low-level.

Ea is the actual class being low-level, but the model predicted as appropriate-level.

Ena is the actual class being high-level, but the model predicted as appropriate-level.
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E 4 is the actual class being low-level, but the model predicted as high-level.
Eaq is the actual class being appropriate-level, but the model predicted as high-level.
1 Accuracy
Accuracy is the calculation of the number of correct answers compared with the
total number of answers given to the model. Accuracy was calculated using the following

formula [49]:

TPL+TPA+ TPy
Accuracy (%) = (2.17)

Total number of sample

where TP is the true positives

2 Precision
Precision is the ratio of correctly predicted positive observations to the total

objectively predicted observations. Precision was calculated using the following formula

[49]:
TP,
Progisiopi el =0t ——— (2.18)
(EaL+Epy ) +TPL
Precisi <. (2.19)
recision, = ~———<- .
A (ELa+Epp) TPy
Precisi = (2.20)
edsion. @ T )
d (EL+Ea)+TP

Where Precision, is the precision of low-level class
Precisiony is the precision of appropriate-level class
Precisiony is the precision of high-level class

E is the misclassification

3 Recall
Recall is the ratio of correctly predicted positive observations to all observations

in the actual class or the class accuracy. Recall was calculated using the following formula

[49]:
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TP

Recall, = — 2.21
. (ELa+EL)+TP ( )
Recall e (2.22)
eca = - - .
A (EaL+Enr)+TP,
Recall i (2.23)
eca = - - .
T GrEa) TRy

Where Recall, is the recall of low-level class

Recall, is the recall of appropriate-level class

Recally is the recall of high-level class.

4 F1 score

The Fl-score is the average weight of the precision and recall. The Fl-score was

calculated using the following formula [50]:

Precision x Recall

Fl Score =2 x ——— (2.24)

Precision + Recall
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Chapter 3

Overall precision test for determination the nutrient

in durian leaf using near-infrared spectroscopy

Durian planting requires nutrients, particularly nitrogen (N), phosphorus (P), and
potassium (K), which are macronutrients. To measure these nutrients, the standard
method needs chemicals and takes time for analysis. If near infrared (NIR) spectroscopy
can be applied to predict the nutrients concentration in leaf, it can reduce to use
chemicals and can quickly predict nutrients concentration with model. The aim of this
paper is to test the repeatability and reproducibility for scanning and to determine R%.,
for nutrient measurements in durian leaf to check the possibility of modeling and to
ensure that this experimental method can be used. From this research, it was found that
the repeatability of FT-NIR spectrometer for fresh leaf, dried ground leaves and dried
ground leaves pellet was 0.00098, 0.00063 and 0.00036, respectively. The reproducibility
of fresh leaf, dried ground leaves and dried eround leaves pellet was 0.01263, 0.00509
and 0.01428, respectively. The R%,, of N, P-and K (Table 3.1) were 0.949132, 0.799811 and
0.819135, respectively. The result shows that can used a FT-NIR spectrometer for leaf
scanning and a TruMac CNS and an ICP-OES can be used to analyze nutrient

concentrations.

*This chapter constituted the publication article: Phanomsophon, T., Jaisue, N,
Tawinteung, N., Khurnpoon, L., and Sirisomboon, P. “Overall Precision Test for
Determination the Nutrient in Durian Leaf in Durian Orchard using Near-Infrared
Spectroscopy” The 7 Asian NIR Symposium conference (ANS2020). at Avani Hotel in

Khonkaen, Thailand. February 12-15, 2020.
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3.1 Introduction

In 2013-2017, Thailand has increased durian cultivation area from 577,235 rai in
2013 to 592,750 rai in 2017 or 0.73% increase per year. The most popular varieties were
Monthong 89.59%, Chani 6.56% and others 3.85% [1]. In durian plantation, farmers must
take care closely to get high quality products. Therefore, fertilizing according to soil and
plant analysis values will save a lot of fertilizers that must be added to plants, because
farmers will apply the nutrients that are insufficient or lacking only. In addition, farmers
can also plan for long-term nutrient management.

NIR spectroscopy [2] is a fast and non-destructive sample analysis because no
chemicals are used. The spectrum in the near infrared wave will be processed and find
the statistical relationship with the data of samples which are analyzed using chemical
methods or other methods that has been standardized, and finally get a calibration
equation to predict the desired value.

The standard nutrient analyzes of Monthong durian leaf, it requires chemicals and
takes time. Therefore, near-infrared spectroscopy techniques can help to reduce
chemicals use and can save time to check the nutrient concentration as in the sample
scan. It would conserve the environment, reduce the use of resources, help farmers in
choosing fertilizer appropriate for the durian tree, reduce production costs and increase
profits. Before beginning the experiment, we must do the repeatability, reproducibility and
maximum coefficient of determination (R%y.) first, to see the potential trend of the

experiment and the precision of the reference measurement.

3.2 Materials and Methods

3.2.1 Sample
The fresh leaf samples were from Monthong durian orchards in Rayong,

Chanthaburi and Trad, Thailand. There were 3 samples from a total of 20 leaves per 1
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tree per orchard and from 3 different orchards. The samples were washed with HCl 0.1 N
acid and distilled water 3 times. After that they were dried at 70 ° C. The durian leaf
samples were crushed with a grinder, to have a sieve size of 40 mesh (0.42 mm) to obtain
dried ground leaves sample. And 0.15+0.01 ¢ dried ground leaf placed in a stainless block

(diameter 1.40 cm) and pressurized at 60 MPa to obtain dried ground leaves pellet.

3.2.2 NIR scanning

The samples were scanned by FT (Fourier transform)-NIR spectrometer (Bruker Ltd.,
Germany). Each fresh leaf sample was scanned under an aluminum plate at 2 scan
positions. The dried ground leaves sample was transferred into a quartz cup of 4.5 cm
diameter for full cup and scanned at under cup. The dried ground leaves pellet sample
was covered with Spectralon reference material and covered with an aluminum can. For
FT-NIR spectrometer, the sample was scanned between wavenumber of 12,500 - 4000
cm™ (800 - 2500 nm) with a resolution of 16 cm™. The scanning was completed 32 times
per one average spectrum. Before each sample scanning, the gold used as a reference
material was scanned for background. All scanning was conducted at air conditioning room

temperature (25.0 + 2.0 °C).

3.2.3 Reference analysis
The samples were analyzed for N by TruMac CNS (Leco, USA) and P, K, Ca, Mg, Fe,

Mn, Cu and Zn by ICP-OES (Perkin Elmer, USA).

3.2.4 Repeatability, Reproducibility and Maximum coefficient of determination
The repeatability of NIR scanning was standard deviation (SD) value of the
absorbance of time scanning, determined by scanning the same sample, same position
and 10 times. We selected 3 wavelengths from the overall spectrum and SD of absorbance

in each wavelength to give the repeatability of scanning instrument.
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The reproducibility of NIR scanning was SD value of the absorbance of the scanning,
determined by scanning the same sample but re-load sample every time and 10 time. We
selected wavelength give reproducibility of the scanning like repeatability.

The repeatability of reference method (Rep) is for standard measurement. This can
be determined by SD value of the maximum difference in repetition of the same sample
for all samples.

The maximum coefficient of determination (R, is the highest possible R? for the
experiment. This is possible when there is no error in NIR spectrometer. There is only error
from the reference test. And R?,., calculated by the following formula [3]:

2 2
PARN SDj-Rep

max 2
SDy

Where SDy is the standard deviation of the calibration set data.

3.3 Results

Figure 3.1 shows the average spectra of FT-NIR spectrometer, the peak of fresh leaf
was selected at 8339, 6896 and 5176 cm were CHs, H,0 and H,O, respectively, and the
peak of dried ground leaves and dried ground leaves pellet were selected at 5793, 5176
and 4003 cm™ were CH,, CONH and starch, respectively.

Table 3.1 shown repeatability and reproducibility of leaf samples by FT-NIR
spectrometer. The repeatability of fresh leaf, dried ground leaves and dried ground leaves
pellet was 0.00098, 0.00063 and 0.00036, respectively. The reproducibility of fresh leaf,
dried ground leaves and dried ground leaves pellet was 0.01263, 0.00509 and 0.01428,
respectively. The R?, of N, P and K (Table 3.1) were 0.9491, 0.7998 and 0.8191,

respectively.
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Table 3.1 Repeatability and reproducibility of scanning and repeatability of reference

method and maximum coefficient of determination (R? .., for nutrients.
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Sample Scanning Reference
Repeatability Reproducibility Nutrient = R?.,
fresh leaf 0.00098 0.01263 N 0.9491
dried ground leaves 0.00063 0.00509 P 0.7998
dried ground leaves pellet 0.00036 0.01428 K 0.8191

3.4 Discussion

Since the FT-NIR spectrometer's repeatability of scanning was low, it could be

utilized for fresh leaf, dried ground leaves, and dried ground leaves pellet scanning. This

means the FT-NIR spectrometer had high precision in scanning. The repeatability of dried

ground leaves pellet was the lowest due to the sample being more or less isotropic

homogeneous. Although, the repeatability of fresh leaf and dried ground leaves was higher

than the repeatability of dried ground leaves pellet, it was quite low. Therefore, it was
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acceptable that the texture is quite uniform. The R?,, of N were quite high, suggesting
that a TruMac CNS can be used to analyze N concentrations. However, an ICP-OES can be

used to analyze P and K concentrations with caution.

3.5 Conclusion

This research found FT-NIR spectrometer was the highest precision scan dried
ground leaves pellet. In reference analysis, a TruMac CNS can be used with high precision
for N measurement, but an ICP-OES can be used with caution to analyze P and K

concentrations.
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Chapter 4

Rapid measurement of N, P and K concentration levels
in durian (CV. Monthong) leaves using
FT-NIR spectrometer and comparing the effect of

imbalanced and balanced data for modelling

For durian growth to produce high-quality fruit, plants should receive sufficient
nutrients. Currently, farmers apply various fertilisers to produce a large quantity and
quality of durian fruit, irrespective of the actual nutrients that the plant requires.
Accordingly, the production cost is high and non-renewable resources. Therefore, this
study focused on rapid classification primary macronutrient levels in durian (Durio
zibethinus Murray CV. Monthong) leaves using Fourier transform near-infrared (FT-NIR)
spectroscopy and investigated the effect of imbalanced data on efficient classification
models. Contents of N, P, and K in durian leaves were measured via NIR with the
wavelength range of 800-2,500 nm. Classification models were developed using partial
least squares (PLS), k-nearest neighbour (kNN), and artificial neural networks (ANN) with

imbalanced and balanced data.

*This chapter constituted the publication article: Phanomsophon, T., Jaisue, N., Worphet,
A., Tawinteung, N., Shrestha, B., Posom, J., Khurnpoon, L., and Sirisomboon, P. “Rapid
measurement of classification levels of primary macronutrients in durian (Durio zibethinus
Murray CV. Mon Thong) leaves using FT-NIR spectrometer and comparing the effect of

imbalanced and balanced data for modelling” Measurement. vol.203. 2022. pp.111975.
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The imbalanced data were balanced using a synthetic minority oversampling technique
(SMOTE). In this study, the model regarding the fresh leaf sample performed better than
that for the dried ground leaf sample. Moreover, the ANN was the best algorithm,
exhibiting validation accuracies of classified levels corresponding to N = 0.99 and P = 0.97
when the data were analysed with SMOTE and K = 1.00 from the original balanced data.
The imbalanced data affected biased classification when the models could increase the

classification accuracy by applying balanced data for modelling.

4.1 Introduction

Durio zibethinus Murray CV. Monthong is a tropical fruit with a unique odour and
taste [1]. Southeast Asian exporters in the durian market include Malaysia, Thailand,
Cambodia, and Vietnam [2]. Thailand is the largest exporter of fresh and frozen durian
whole fruit, freeze-dried durian, and processed products. The export trend of Thai durians
appears to increase annually [3]. As there are various competitors, Thai farmers must
improve their quality and increase the number of products. Fertilisation, which can help
durian plants produce the desired fruits, is important for durian cultivation. Primary
macronutrients such as N, P, and K are essential elements usually required for plant
growth and maintaining a good overall state [4]. Further, N, P, and K are important for the
normal growth and development of plants [5]: N is used for plant growth and
development [6]; P affects energy metabolism, nucleic acid synthesis, and photosynthesis
[7]; K+ plays a role in protein synthesis, sugar transport, cell growth, and photosynthesis
[8]. During durian growth, N directly affects gsrowth, flowering, fruiting, fruit gsrowth, and fruit
quality, and aids in the synthesis of proteins and important organic compounds in plants
as a constituent of substances responsible for the transmission of energy in processes
such as photosynthesis and respiration. K is necessary for fruit trees because it is involved

in the synthesis of proteins and carbohydrates in fruits [9]. Orchard fertiliser management
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differs at each durian growth stage [10]. If the durian tree lacks N, it will not grow well as
there is insufficient food to accumulate for production of flowers and fruits. In contrast,
with high-rate N fertilisation, the durian tree either blooms slowly or does not flower [3].
Farmers believe that P fertiliser will activate flowering, but if P is sufficient in the plant,
fertilisation only adds additional costs [3]. K deficiency results in smaller fruit size, poor
skin colour, and lower acid content and total soluble solids, which hamper the quality of
fruit pulp, resulting in tasteless fruit [3]. Because the production cost of durian is high,
farmers are more concerned about the quality and quantity of the durian produced; They
spray excess fertiliser than the actual amount needed by the plants, which has adverse
effects on the growth and quality of durian. Therefore, it is important to control the
nutrient content of durian leaves following standard suidelines, which will govern farmers
to utilise fertilisers with proper management as per actual requirements. Fertilisation can
be adjusted as follows: in cases where leaves have a lower concentration of nutrients,
farmers should increase the fertiliser dose by 25%-30% of the normal amount. If the
concentration is higher than the standard value, farmers should refrain from fertilisation.
If the nutrients are sufficient, farmers can apply fertilisers as usual [9].

Traditional sample preparation for plant nutrient measurement is time-consuming,
therefore, farmers are unable to manage fertilisers immediately. Measurement requires
the use of chemicals that are harmful to the environment. Near-infrared (NIR) spectroscopy
can help solve these problems as it enables fast and accurate determination of nutrient
content in plants and non-destructive sample, and reduces the use of chemicals; thus, it
is environmentally friendly and has reduced production costs. Fourier transform near-
infrared (FT-NIR) spectroscopy is an NIR measurement that uses a fixed spectrometer
covered by NIR bands (10,000-4,000 nm [11]), suitable for use in the laboratory. It can be
applied to various categories of samples, such as pharmaceuticals, chemicals,
petrochemicals, food and beverages, polymers, and agriculture [12]. The NIR spectrum

exhibits overtones and combinations of molecular vibrations of-e H, O-H, and N-H bonds
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inside the target material [13]. appropriate-levelNumerous studies have successfully
applied NIR to estimate the nutrient content in the leaves of several plants [14-26]. NIR
can measure N concentration in leaves because compounds in leaves are organic,
chlorophyll (C-H bonds), or proteins (C-H and N-H bonds), which exhibit peaks in the NIR
spectrum [27]. For P and K contents, NIR cannot directly measure the P or K bonds, but
has been successful in predicting the P and K concentrations in leaves. Yu-Jie et al. [28]
explained indirect detection of P with NIR from proteins because P is a constituent of
nucleic acids, and nucleoproteins are components of proteins. Peaks of proteins and
nucleic acids for P content have been used for the prediction of tea leaves. Susan et al.
[29] selected the wavelengths of carbohydrates such as sucrose, starch, and cellulose to
calibrate the K concentration in grape and orange leaves. Thus, NIR spectroscopy can be
used to predict the nutrient levels in durian leaves.

The qualitative model is important for NIR measurement because it involves
calculation to predict nutrient levels using NIR spectra obtained via FT-NIR spectroscopy.
Qualitative models can be developed using various algorithms, including partial least
squares (PLS), k-nearest neighbor (kNN), and artificial neural networks (ANN), which can
improve the accuracy of classification models. PLS is @ chemometric that can be applied
to determine the relationship between data (NIR absorption and nutrient content) [30]. It
creates a new variable from a linear combination of both original variables, called a latent
variable (LV) or component [31]. Even for a low number of samples, PLS can be applied
[32]. Several studies have successfully used NIR data combined with a PLS algorithm for
nutrient content prediction in leaves. The kNN is a machine learning algorithm that is
simple and widely used for classification [33] because it can classify by distance between
the samples (NIR absorption). Specifically, this technique determines classes that can
represent new conditions or cases by checking a certain number. The kNN algorithm for
the same or most similar cases or conditions was calculated for each class. New conditions

were set to provide the same class as the closest class [34]. Only two parameters are
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required for calculation: the k value and distance [35]. Meanwhile, ANN is a deep learning
algorithm, involving supervised learning [36]. It has the same structural and functional form
as the human brain, which adapts to the response of the input according to the learning
rule. After the network has learned what it needs, it can perform assigned tasks. ANN was
developed to work like the human brain. It comprises a processing unit, called a neuron.
The number of neurons in the human brain has been estimated and connected [37]. ANN
can be applied with non-linear data, which is very helpful because such data are not
always linear [38]. Several studies have successfully used NIR data for nutrient content
prediction in leaves combined with PLS [15, 19-21], kNN [39] and ANN [40] algorithms.
Based on these studies, it appears that the NIR spectrum can be applied to various
algorithms for modelling. To examine which algorithms are the most effective in predicting
nutrient levels in durian leaves, we compared results from all three methods.

The number of samples from different classes, particularly agricultural produce, is
often unequal and asymmetrical. The proportion of samples in each class has a direct
effect on classification [41]. This may create problems such as class overlap, small sample
sizes, or small disjuncts that damage classifier learning. Therefore, the classifier may ignore
minority class samples, and consequently, the classification accuracy may be reduced.
Because of the imbalance problem, the model accuracy decreases, and increasing the
number of samples from natural sampling might be difficult. Our data had these
limitations. Therefore, to improve model accuracy, synthetic samples were added using
the synthetic minority oversampling technique (SMOTE) to balance the number of
samples. A previous study used SMOTE with NIR spectra to add samples, which could
solve the misclassification problems [16, 17, 42-46]. SMOTE was chosen to increase the
number of samples because it can help save time and cost for oversampling.

The goals of this study were as follows: 1) to rapidly measure and classify levels of
nutrients as low-level, appropriate-level, or high-level in durian leaves using FT-NIR

spectroscopy with PLS, kNN, and ANN models; 2) to compare fresh leaves and dried ground
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leaf sample modelling; and 3) to determine which type of data (imbalanced or balanced)
results in an accurate model for group predictions. There is no model for the classification
of nutrients in durian leaves (Durio zibethinus Murray CV. Monthong). However, if this
measurement is effective, it can help farmers manage the fertilisation of durian trees,
which will reduce costs and increase profits. SMOTE is an alternative method for

synthesising new samples to reduce the cost of sample collection for modelling.

4.2 Materials and Methods

4.2.1 Study area

This study was conducted in a durian orchard in eastern Thailand. Six orchards of
Durio zibethinus Murray CV Monthong were considered. Different locations in Monthong
were selected for this study: two orchards from Chanthaburi (12° 51' 29" N and 102° 9' 16"
E), two orchards from Rayong (12° 49' 60" N and 101° 25' 60" E), and two orchards from
Trad (12° 18" 09" N and 102° 30' 45" E). Durian trees older than eight years from each
orchard were chosen for the experiment according to Phuwarodom [9]. Thirty durian tree
samples were collected. Durian leaf samples collected from December 2018 to November
2020 were used to model the flushing, flowering, blooming, and fruit-setting stages [10] of
annual durian production. To check the model performance for real samples, unknown
samples from the flushing and flowering stages were collected (December 2020 to

February 2021).

4.2.2 Durian leaf sample
In total, 236 fresh durian leaf samples (Durio zibethinus Murray CV. Monthong) were
collected (one sample in the model included 20 fresh leaves per tree on average; thus,
4,720 leaves were used in total). Fresh durian leaves selected as samples were dark green
mature leaves, located 2™ to 3 from the top of the twig [9]. Fresh leaves were packed

in plastic bags and stored in ice buckets with ice at the bottom for shipping to the
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laboratory. The samples were protected using paper to avoid direct contamination with
the ice.

In total, 236 dried ground leaf samples were collected. Each sample, comprising
20 fresh leaves, was washed thrice with 0.1 N HCl acid and distilled water. Samples were
dried at 70°C for 48 h, crushed, and sieved through 40 mesh (0.42 mm) perforated screen

[47].

4.2.3 NIR measurement
(a) :7

(c)

|
Fresh leaf sample in laboratory i Scan sample with

(20 leaves from 1 tree for 1 sample) | FT-NIR spectrometers
1

l WMmshedgﬁak

Dried ground leaf sample | Scan sample with
in laboratory ! FT-NIR spectrometers

| TruMac CNS for N and

Nutrient analysis ICP-OES for P and K

Figure 4.1 Scanning points for fresh leaf (a), dried ground leaves (b),

and NIR scanning process ().

The samples were scanned using an FT-NIR spectrometer in reflectance mode with
the wavelength range of 800-2,500 nm (12,500-4,000 cm™), average of 32 scans, resolution
of 6 nm, and gold as the reference material. The measurements were performed under
laboratory conditions at 25+2°C. The fresh leaves were scanned at two positions (Figure
4.1a), and the dried ground leaves were scanned under a quartz cup (Figure 4.1b). The

durian leaf scanning process is depicted in Figure 4.1c.

4.2.4 Primary macronutrients measurement
The primary macronutrients can only be measured using dried ground leaf
samples. To prepare for the measurement, the samples were dried at 70°C for 2 days. The
N concentration was measured using a TruMac CNS (Leco, USA) with a 0.1 ¢ dried ground

leaf. Meanwhile, the P and K concentrations require further sample preparation. Before
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the P and K concentration measurements, each sample was prepared via burning at 500°C
for 6 h with a 0.25 g dried ground leaf, digested with 10 ml of Aqua regia, and measured
via ICP-OES (Perkin Elmer, USA). The levels of macronutrients were divided by the percent

concentration in the leaves, as detailed in Table 4.1

Table 4.1 Macronutrient concentration levels in durian leaf.

Nutrient concentration Level

Low Appropriate High
N (%) < 2.00 2.00 - 2.30 > 2.30
P (%) < 0.15 0:15—6-25 > 0.25
K (%) < 1.70 1.70 - 2.50 > 2.50

4.2.5 Synthetic minority oversampling technique (SMOTE)

SMOTE provides a new approach to the oversampling of a minority class [48] that
will random samples, which finds the k-nearest neighbours of the minority class and
creates a synthetic instance [49]. A synthetic instance is the multiplication of random
numbers between 0 and 1 with the feature vector of samples [50] to obtain a new

synthetic sample. The SMOTE function is expressed as [34]

X =X +rand(0,1)xd(X-X_)) (4.1)

new

where X, is the new synthetic sample, rand(0,1) is a random number between
0 and 1, d(X,-X_,) is the distance between X, and X, X is a minority sample, and X, is
the closest sample to sample X,. In this study, data were balanced using the SMOTE
considering the number of nearest neighbours and the oversampling percentage of each

datum, as shown in Table 4.2.
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Table 4.2 Modelling parameters.

Method Parameter

SMOTE Nearest neighbours = 5,
oversampling percentage: N; appropriate-level = 200%, low-level =
500%,

P; high-level = 150%, low-level = 500%

PLS Linear regression, LV = 10
kNN Euclidean distances, k = 1-50
ANN hidden layers = 10

4.2.6 Modelling

The classification methods used in the study included PLS, kNN, and ANN, and all
parameters defined for each model are listed in Table 2. Before modelling, the NIR
spectrum data were prepared using different pre-treatment methods, and principal
component  analysis (PCA) was conducted to decide the most suitable model via
comparison. The NIR spectrum data were pre-treated to reduce noise, overlapping peaks,
and baseline shifts in the raw spectrum, provided by disturbances with chemical and/or
physical (size, temperature, moisture) factors [51] to improve the spectrum. In this study,
13 pre-treatment methods were employed to improve the spectra before modelling,
specifically: min-max normalisation, mean normalisation, mean centring, baseline,
standard normal variate (SNV), multiplicative scatter correction (MSC), smoothing, 1%
derivative, 2™ derivative, smoothing+1% derivative, smoothing+2nOI derivative, SNV+1°
derivative, and SNV+2" derivative. PCA reduces real data into a new linearly uncorrelated
feature that uses the principle of orthogonal transformation. Accordingly, lower-

dimensional data can be obtained while maintaining as much data variability as possible
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[52]. PCA was performed on the full wavenumber to reduce the number of variables [53]

from the wavenumber of 1,156 to 365 principal component score (PCs).

4.2.7 Performance of the classification model

A 3-class confusion matrix (Figure 4.2) was established to evaluate the classification
model. Model comparison was performed based on classification performance, including
accuracy and F1 score. Both performances can be calculated by the number of sample
predictions in the confusion matrix using the formulae in Table 4.3. The steps of the

experiment are summarized in Figure 4.3.

Table 4.3 Formulae for calculating classification performance parameters.

Performance Formula Explain

Accuracy (%) Total TP Calculates the number of correct answers

Total number of sample -, hared with the total number of answers

given to the model

Precision (%) TP Ratio of correctly predicted positive
TP+FP

observations to the total objectively

predicted observations

Recall (%) TP Ratio of correctly predicted positive
TP+FN

observations to all observations in the actual

class or the class accuracy

F1 Score ) Precision x Recall  Average weight of the precision and recall
X

Precision+ Recall




Predicted class

Actual class

Low-level Appropriate-level High-level
Low-level TP, EaL Enr
Appropriate-level ik TPa Ena
High-level Ein Ean TPy

*TP is true positive of class.

Ear, Eav is false positive of low-level class.

Evra, Ena is false positive of appropriate-level class.
Evu, Eanis false positive of high-level class.

Eva, Evnis false negative of low-level class.

Eac, Ean is false negative of appropriate-level class.
Euw, Ena is false negative of high-level class.

Figure 4.2 Confusion matrix for 3-class macronutrient classification.

Fresh leaf sample Dried ground leaf sample
NIR scanning NIR scanning
Raw spectrum NI Raw spectrum
< NPK concentration >
l SMOTT
Imbalance data Balance data

Pre-treatment and PCA

4

Modeling
(KNN, ANN, PLS)

Pre-treatment and PCA

A

Modeling
(ANN)

Accuracy, Precision, Recall, F1-score

Accuracy, Precision, Recall, F1-score

The best model obtained

A

Figure 4.3 Process for obtaining classification model.
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4.3 Results

In this study, full wavelengths (12,500-4,000 nm) were used to scan the samples
via FT-NIR spectroscopy. The raw spectrum of fresh leaves (Figure 4.4a) exhibits high peaks
at 1,440, 1,780, 1,900, and 2,500 nm, which are peaks of starch and cellulose [54]. In the
raw spectrum of dried ground leaves (Figure 4.4a), high peaks can be seen at 1,440, 2,323,
and 2,500 nm, corresponding to starch and CH, [54]. The 1°* derivative spectrum of fresh
leaves (Figure 4.4b) shows high peaks at 1,395, 1,500, 1,900, 2,310, and 2,461 nm. For the
dried ground leaves Figure 4.4b), high peaks are apparent at 1,900, 2,050, 2,310, and 2,461
nm, which are the peaks of CH,, protein, and starch [54]. The 2" derivative spectrum of
fresh leaves (Figure 4.4c) exhibits high peaks at 1,395, 1,900, 2,280, and 2,323 nm; that of
dried ground leaves (Figure 4.4c) shows high peaks at 1,900, 2,280, and 2,323 nm,
corresponding to starch, CHs, and cellulose [54].

Table 4.4 presents the statistics of the original data for N-and P contents covered
in the three levels (low, appropriate, and high). K covered only two levels (low and
appropriate), because the maximum value was 2.35%, which is still at the appropriate-
level. Durian leaf samples have low K values because the soil in eastern Thailand is acidic,

which causes a loss of K [9, 55]. The average pH of durian tree soil was 4.95.

Table 4.4 Samples statistics.

Nutrient Statistics

Max (%) Mean (%) Min (%) SD (%)
N 4.20 2.48 1.53 0.40
P 0.83 0.23 0.04 0.11

K 2.44 1.64 1.03 0.33
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Table 4.5 Number of samples in each dataset for developing models.

Nutrient Data Data set Sample number
(ratio) Low  Appropriate High Sum
N Original Total set 15 54 167 236
(2:7:22) Calibration set 11 37 112 160
Validation set 2 9 29 40
Unknown set 2 8 26 36
SMOTE Total set 80 147 168 359
(6:10:10)  Calibration set 58 105 106 269
Validation set 20 34 36 90
P Original Total set 18 156 62 236
(2:17:7) Calibration set 14 104 42 160
Validation set 2 28 10 40
Unknown set 2 24 10 36
SMOTE Total set 98 156 140 358
(2:3:3) Calibration set =~ 72 99 97 268
Validation set 24 33 33 90
K Original Total set 136 100 0 236
(6:4) Calibration set 93 67 0 160
Validation set 23 17 0 a0
Unknown set 20 16 0 36
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Table 4.5 lists the number of samples in each dataset. The model was validated

using an 80% calibration set (160 samples) and 20% validation set (40 samples). Thirty-

six unknown samples were considered for external validation. The N class was in the ratio

2:7:22 for low-, appropriate-, and high-level classes, respectively. Most of the collected
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samples had high N concentrations and the data were imbalanced. For P-levels, 2:17:7 is
the ratio of the low-, appropriate-, and high-level classes, respectively. P-values from most
samples were at the appropriate-level, and the data were imbalanced. However, the K-
class had only two levels: a 6:4 ratio of low-level to appropriate-level, whose data were
approximately balanced. Nutrient distribution trends in the calibration, validation, and

unknown sets were similar.

4.3.1 Evaluation of models with original data (imbalance class)

Table 4.6 lists the best macronutrient classification accuracies of the durian leaf
models using the original data. All nutrients were modelled using kNN, ANN, and PLS
algorithms. In classifying the N level, the ANN method seemed the most accurate. All
models exhibited an accuracy of validation greater than 0.85, with the highest of 0.93
obtained from the spectra treated by smoothing+1°* derivative without PCA. When testing
the selected model with an unknown sample set, the accuracy of 0.94 was achieved.

A model was developed with the highest accuracy of 0.93 to predict the P
concentration level. Dried ground leaf samples and min-max normalization spectra with
PCA and ANN algorithms were adopted in the model. Because dried samples must be
used in this model, grinding the samples requires time. The model using fresh leaf was
slightly less accurate than that using the dried ground leaf, with the accuracy of 0.88 for
validation. Therefore, the fresh leaf model was chosen with 1% derivative spectrum pre-
treatment without PCA to predict P levels because fresh leaf samples were easy to use
for prediction. When testing this model with an unknown sample set, the model accuracy
of 0.86 was obtained. The classification of the K concentration group was the same as that
for N and P. As a result, the ANN algorithm exhibited the highest performance. The best
model, created using fresh leaves and SNV+2" derivative spectrum without PCA, had a

validation accuracy of 1.00. When testing this model with an unknown sample set, the
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Table 4.6 Model accuracy for classifying levels of macronutrient concentrations in durian

leaf.
Nutrient Sample SMOTE Algorithm Pre-treatment Accuracy
Cal Val Unk
N FL - PLS SNV 0.74 0.85 0.81
- kNN MC 0.71 0.75 0.81
- ANN SNV+1D 0.90 0.93 0.94
+ ANN SNV+2D 0.97 0.99 0.97
DL - PLS MN 0.83 0.90 0.86
- kNN MMN 0.71 0.73 0.78
- ANN SMT+2D 0.86 0.93 0.81
+ ANN SNV+1D 0.97 0.97 0.94
P FL - PLS MSC 0.68 0.75 0.61
- kNN SMT+2D 0.75 0.75 0.75
- ANN 1D 0.84 0.88 0.86
+ ANN SMT+2D with PCA  0.94 0.97 0.97
DL - PLS SMT+1D 0.76 0.63 0.69
- KNN RS 0.71 0.78 0.75
- ANN MMN with PCA 0.93 0.93 0.86
+ ANN 2D 0.96 0.99 0.97
K RL - PLS 2D with PCA 0.88 0.80 0.76
- kNN SMT+2D 0.71 0.78 0.88
- ANN SNV+2D 0.93 1.00 0.89
DL - PLS MMN 0.89 0.75 0.79
- kNN 1D 0.74 0.70 0.71
- ANN SNV+2D 0.85 0.90 0.83

*Cal = calibration; Val = validation; Unk = unknown; FL = fresh leaf scanned; DL = dried ground leaf scanned; kNN = k-

nearest neighbour; ANN = artificial neural network; PLS = partial least squares; RS = raw spectrum; 1D = 1%t derivative;

2D = 2™ derivative; MC = mean centring; MMN = min-max normalisation; MN = mean normalisation; MSC = multiplicative

scatter correction; SMT = smoothing; SNV = standard normal variate; PCA = principal component analysis.
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model accuracy of 0.89 was obtained. The ANN models exhibited the highest accuracies

because they described both linear and nonlinear relationships [56].

Figure 4.5 displays a scatter plot between PC1 of the original data and the
macronutrient concentration, in which the data were nonlinear. Therefore, the ANN

algorithm is suitable for these data.
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Table 4.7 ANN model performances for classifying levels of macronutrient concentrations

in fresh durian leaf.

Nutrient  Class F1-score

Original SMOTE

Cal Val Unk Cal Val Unk
N Low 0.84 0.67 0.67 1.00 1.00 1.00

Appropriate 0.85 0.89 0.88 0.97 0.99 0.93

High 0.94 0.95 0.98 0.97 0.99 0.98

P Low 0.78 1.00 0.67 0.98 0.98 0.80
Appropriate 0.93 091 0.90 0.92 0.92 0.98

High 0.74 0.76 0.71 0.94 0.94 1.00

K Low 0.94 1.00 0.95 - - -

Appropriate 0.92 1.00 0.93 : - -

*Cal = calibration; Val = validation; Unk = unknown.

Table 4.7 presents the classification performances of the best ANN models with
the original fresh durian leaf data. For the classified N level model, the accuracy was 0.93.
F1 scores for high-level samples were greatest in every data set, indicating that the
selected model would predict high-level samples with the highest accuracy. In predicting
the appropriate-level samples, F1 scores were more than 0.85 for every data set. This
demonstrates that the developed model can predict appropriate-levels to a good extent.
However, for low-level samples, the prediction result was poor because of the small
number of samples considered. The results of the classification of the P-levels, which had
the validation of 0.88, showed good F1 scores. Thus, this model can be used to accurately
predict levels greater than 0.9. However, predictions of low and high levels were adequate

because the number of samples was low. In predicting the concentration of K, besides
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the high accuracy of 1.00, the precision, recall, and F1 score of the model were greater

than 0.92. This indicates that the model can predict K levels accurately and precisely.

4.3.2 Evaluation of models with SMOTE data (balance class)

After the data were evaluated via SMOTE, the number of samples in the minority
class increased (Table 4.4). The SMOTE was performed with the spectrum of the calibration
and validation sets of the original data for the N and P samples (imbalance class). The K
samples were balanced; therefore, SMOTE analysis was not performed. The ratio of the
number of samples in the N concentration was more balance from 2:7:22 to 6:10:10 with
a proportion of low-level: appropriate-level: high-level.  Appropriate- and high-level
samples were similar, but the number of samples at low levels was still lower than those
of the others. Owing to the limitations of data generation using SMOTE, only 500% of the
original data were generated [48]. The original data of the P concentration model had the
low-level-appropriate level-high-level ratio of 2:17:7. Following SMOTE analysis, the ratio
became 2:3:3, and the number of samples of the appropriate and high levels was similar.
However, the number of low-level samples was still lower than that of the other samples.
The maximum and minimum values of the SMOTE dataset for both N and P remained the
same as those of the original data. In particular, the ANN method was selected for the
analysis because it yielded the highest grouping accuracy results (Table 4.6). The best
model from the SMOTE data to predict N concentration levels was generated from fresh
leaf samples using an SNV+2" derivative spectrum, with the accuracy of 0.99 for the
validation set. Compared with the best model of the original data (0.93), the accuracy
increased by 6%, and the data were more balanced. When testing this model with an
unknown sample set, that is, when an unknown sample spectrum was inputted into the
model, the accuracy of 0.97 was obtained, equivalent to a 4% increase. The best model
for predicting the P concentration level was generated from dried ground leaf samples

with the 2" derivative spectrum; the accuracy was 0.99 for the validation set. When
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comparing the accuracy values of the best model from the original data (0.93), the
accuracy was found to increase by 6%, and the data were more balanced. The model
created using the smoothing+2™ derivative spectrum with PCA showed no significant
difference in performance, with the accuracy of 0.97 for the validation set. When testing
this model with an unknown sample set, an accuracy of 0.97 was obtained, an increase
of 11%.

classifying macronutrient concentrations in fresh durian leaves. For N, the
classification accuracies for low-level increased from 0.84 to 1.00 using the SMOTE data
instead of the original data (16% increase), appropriate-level increased from 0.85 to 0.97
(12% increase), and high-level increased from 0.94 to 0.97 (3% increase). Similarly, when
testing the model with the validation dataset, the accuracies for predicting low,
appropriate, and high levels increased by 33%, 10%, and 4%, respectively. When testing
the model with an unknown set without SMOTE, it was found that the classification
accuracy increased by 33% at a low-level and 5% at an appropriate-level. However, the
accuracy of 98% remained at a high level. For P, the classification accuracy increased from
0.78 to 0.98 for the low-level group (20% increase), and from 0.74 to 0.94 (20% increase)
for the high-level group. However, the accuracy decreased from 0.93 t0 0.92 (1% decrease)
for appropriate-level samples. When the model was tested with the validation dataset, it
was found that the prediction accuracy increased in the appropriate- (4%) and high-level
(20%) groups. However, accuracy remained low at 100%. When testing the model with
unknown sample sets without SMOTE, the accuracies of predicting low-, appropriate-, and
high-level samples increased by 13%, 8%, and 29%, respectively.
Figure 4.6 depicts the confusion matrix of the best model for classifying the levels of fresh
durian leaves. When comparing the confusion matrix between the original data model and
SMOTE data model, the original data model (Figure 4.6a) of the N-level with the validation
set showed the misclassification of only 2.6%. Additionally, the appropriate level was

predicted to be a high-level group of one sample, low-level to be a high-level group of
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one sample, and high-level to be an appropriate-level group of one sample. Thus, this
model predicts the bias for the majority class (high-level group). However, the model using
SMOTE data (Figure 4.6d) solved this misclassification. Moreover, the model using original
data (Figure 4.6b) misclassified the P-level; The appropriate level was predicted to be a
high-level group of three samples and an appropriate-level group of two samples, adding
complexity between the appropriate- and high-level groups. However, the SMOTE data

model (Figure 4.6e) solved this misclassification.
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Figure 4.6 Confusion matrixes of the best model for classifying levels of N (a), P (b), and
K (c) concentrations with original data, and N (d)

and P (e) concentrations with SMOTE.



87

4.4 Discussion

The absorption bands of durian leaves are related to the leaf components. N is
related to chlorophyll and proteins [57], P is related to proteins [28] and chlorophyll [14],
and K is related to carbohydrates such as sucrose, starch, and cellulose [29]. NIR can
detect chlorophyll (CH, and CHs [58]), sucrose, starch, proteins, and cellulose (proteins
and cellulose are cell wall components [59]). FT-NIR spectroscopy can relate the
absorption bands with respect to N, P, and K, and thus, can be used to measure the
corresponding contents in durian leaves.

The above result demonstrates that the P classification of fresh durian leaves was
more accurate when PCA was used with the spectrum. Because P cannot be directly
detected via NIR absorption, it is related to proteins [28]; the protein peaks in the durian
leaf spectrum were small and unclear. Thus, the spectrum was transformed into a PC that
reduced the number of variables orthogonal to each other (no multicollinearity, so there
were no correlated independent variables [60]). The informative data of the sample
spectrum were primarily included in the PC score of the preceding PC variable; whereas,
succeeding studies included more noise or uninformative data. Variables without
multicollinearity and containing information help to make better correlations with protein
concentrations in durian leaves. Unlike N and K; which exhibited clear peaks in the NIR
absorption of chlorophyll and carbohydrates, PCA transformation did not result in a better
correlation.

As a result, the validation accuracy of fresh leaf measurement was slightly higher
than that of dried ground leaves regarding N. This is because, as the temperature increases,
the chlorophyll degradation rate increases [61] and N is related to chlorophyll [38]. For
the P-model, the validation accuracy of the dried ground leaf measurements was slightly
higher than that of the fresh leaf samples. Leaf proteins contain both insoluble and

soluble proteins in equal amounts [62] and the removal of water makes the protein peak
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stand out (at 2050 cm™ (Figure 4.4b)) because the P concentration is related to protein
[15]. The K concentration is related to starch [16], in which fresh leaf samples absorb more
NIR radiation in the starch band (1900 cm™ (Figure 4.4a, b, c)) than the dried ground leaf
sample, which is more affected by the model. Therefore, the fresh leaf model was more
accurate than the dried ground leaf model in measuring K concentrations.

The chosen models with original data for predicting nutrient concentrations were
created using fresh leaf spectra and ANN algorithm. The number of samples in each class
was imbalanced, and each group affected the precision of the model [63, 64]. Due to
natural sampling in the durian orchard samples, the number of K-classes was more
balanced compared with the N--and P-classes. As a result, the classification precision of K
was higher than that of N and P. Further, the model achieved higher values of other
performance parameters, including the precision, recall, and F1 score of each class,
ensuring the reliability of the model [65]. From the experiments, it was found that the
balanced dataset was more accurate than the unbalanced dataset. Amiratul et al. [16]
considered balance accuracies of below 40.00%, 40.00%-80.00%, and above 80.00% as
poor, moderate, and robust, respectively. When these balanced accuracies were
compared with those of the best models in this study, it was found that the balanced
accuracies of N, P, and K were in the range of 0.96-1.00, hence these models are robust.

Therefore, the number of samples in each class should be similar to reduce the
classification problem caused by the group bias [66]. It can be concluded that using
synthetic samples to balance the number of samples in each group can improve
modelling only for naturally biased or skewed distribution data. The clustering accuracy
of the proposed model was greater regarding classification of the N and P concentrations
in durian leaves than when using imbalanced data, which corresponds with YongBae’s
research [67].

In future, the addition of real samples is important for improving the concentration

range covered by the model; in particular, samples with high K concentrations. Moreover,
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we will define the treatment of nutrient concentration levels using foliar fertiliser to
prepare samples with high concentrations. However, for low-concentration-level samples
that are difficult to mark, the SMOTE is a good choice and a proven alternative to real

samples by unknown validation.

4.5 Conclusion

This study presented the possibility of using NIR measurements to classify the
concentration levels of N, P, and K in durian (Durio zibethinus Murray CV. Monthong)
leaves. Based on this research, 1) the developed macronutrient-level classification model
can be applied for rapid measurement in durian leaves using an FT-NIR spectrometer. The
model developed using the ANN algorithm resulted in high accuracy and good precision;
2) The model incorporating fresh leaves exhibited higher accuracy than that for the dried
ground leaf because the fresh leaf spectra contained peaks related to N, P, and K; 3) Use
of balanced data can obtain higher F1 score and accuracy than use of the original
imbalanced data. Analysing the data using the SMOTE, the data were more balanced, and
the problem of minorities was addressed without addition of real samples, which could
reduce the cost of sample collection. The FT-NIR spectrometer and ANN models with
balanced data were accurate for rapidly measuring macronutrient levels in durian leaves.
However, the range of K concentration used in this experiment was not sufficient. In future,
the macronutrient concentration range of samples should be regarded for a wide range
of applications. Moreover, wavelength selection is necessary to improve the model

because it only considers nutrient wavelength information.
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Chapter 5

Primary nutrients assessment of durian (CV Monthong)
leaf sample matrixes using near infrared spectroscopy

with wavelength selection

Farmers would be able to regulate fertilization and produce quality durian if they
knew the nutrient concentration in durian leaves. A long period of time for traditional
nutritional content determination is needed. Therefore, near-infrared spectroscopy is a
good method for nondestructive and quick nutrient content evaluation. The leaf sample
matrices (fresh leaf, dried ground leaves, and dried ground leaf pellet) were scanned by
Fourier transform near-infrared (FT-NIR) with a wavelength of 12,500-3,600 cm™. Regression
models were developed using partial least squares (PLS) with full wavelength, short
wavelength (7,500-6,000 cm™ + 6,600-4,000 cm* for fresh leaf spectra and 6,000-4,000 cm®
! for dried ground leaves and dried ground leaves pellet spectra), and selected wavelength
by successive projections algorithm (SPA). In this study, the model for N and K
concentration was acceptable and the prediction was considered good but for P content
not had succeeded. As a result, the PLS-SPA model using fresh leaf samples for evaluating
N content in durian leaves exhibited performance of r* = 0.852, SEP = 0.14%, RPD = 2.63
and bias = -0.020%. The PLS-SPA model using dried ground leaves samples for evaluating
K content in durian leaves exhibited performance of r’ = 0.820, SEP = 0.13%, RPD = 2.36

and bias = 0.006%.

* This chapter is under reviewed by Spectrochimica Acta Part A: Molecular and

Biomolecular Spectroscopy journal.
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5.1 Introduction

Nutrients are required for horticulture to grow properly and provide high-quality
products. Nitrogen (N), phosphorus (P), and potassium (K), which are primary
macronutrients, are favorable to crop quality or growth [1]. Plant nutrient deficiency
causes a slowing growth rate and low production yields [2]. In addition, overfertilization
may result in undesirable crop productivity and quality development [3]. Fertilizer
management is crucial for horticulture so that plants receive adequate fertilizer without
overfertilization and receive the most benefit. Meanwhile, farmers can save on fertilizer
costs. In Thailand, the exports of fresh durian, frozen durian whole fruit, freeze-dried
durian, and processed durian products are increasing every year [4]. As a result, farmers
are especially confronted with producing large quantity and high-quality crops because
durian is a high-value fruit.

Information on fertilizer management based on durian growth stages can support
plant growth and yield because each stage necessitates a different amount of nutrients.
There are 4 stages of durian cultivation: the unproductive stage (the first 1-4 years) and
every year or season of the flowering stage, the fruiting stage, and the harvesting stage. In
each stage, durian trees need nutrient according to Phanomsophon, 2022 [5]. In durian
leaves, the suitable nutritional content range is N = 2.0-2.3%, P = 0.15-0.25%, and K = 1.7-
2.5% [6].

Normally, the nutritional content of the leaf can be determined by chemicals,
which requires a long period of time for measurement. Near infrared (NIR) spectroscopy is
a rapid alternative technique that helps farmers evaluate the concentration of nutrients
immediately [7] with a one-minute NIR measurement. Fourier transform near-infrared (FT-
NIR) is a fixed NIR measurement that covers NIR bands (10,000-3,600 cm™) [8]. When NIR
light passes through a sample, the C-H, O-H, and N-H bonds inside the material absorb

some energy, causing molecular vibrations that are related to the sample's molecular
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structure [9]. Although -P and -K bonds are unable to absorb energy in the NIR region,
several studies have successfully used NIR spectroscopy to estimate P and K
concentrations in leaves. The P and K concentrations are related to proteins, chlorophyll,
and carbohydrates that can absorb NIR waves [10]. P is found in nucleic acids and
nucleoproteins, while K is important for photosynthesis and carbohydrate metabolism
[10]. Previous research has used NIR spectroscopy and chemometrics for modeling leaf
samples to quantify N [11-15], P [10, 15-18], and K concentrations [10, 12, 19-22]. To
evaluate nutritional content in plants, the studies employed fresh leaf samples or dried
ground leaf samples. Model performance is influenced by sample type because of the
spectral characteristics induced by surface conditions, particle size, and moisture effects
[23]. In addition to the type of sample, the wavelength selection also affects the
performance of the model. It is possible to increase model performance for nutrient
evaluation by selecting wavelengths suitable to the macronutrient concentration or by
deleting undesirable wavelengths [24, 25].

This research focused on the influence of the leaf sample matrices (fresh leaf,
dried ground leaves, and dried ground leaf pellet) on the model performance (coefficient
of determination of prediction set (r?) and ratio of prediction to deviation (RPD)) of nutrient
evaluation in durian (CV Monthong) leaf and on the adjustment of the relevant variable
inputs for estimating a nutrient quantity using partial least squares (PLS) regression with
spectrum pretreatment and wavelength selection (full wavelength, short wavelength, and
selected wavelength by successive projections algorithm (SPA). The goals of this study
were as follows: 1) to rapidly measure macronutrient concentrations using an FT-NIR
spectrometer with PLS; 2) to observe the wavelength selection suitable for macronutrient
content prediction; and 3) to determine the suitable sample matrix type for macronutrient
content prediction. There has been no research on using NIR to determine the nutrient
content of durian (CV Monthong) leaves; however, the classification of nutrient content

levels has been reported by Phanomsophon et al. [5]. If this approach is successful, it can
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assist farmers in controlling durian tree fertilization, lowering expenses and increasing

revenues.

5.2 Materials and Methods

5.2.1 Durian leaf sample matrices

This experimental sample was collected in a durian orchard in eastern Thailand,
including Durio zibethinus Murray CV Monthong orchards. Two orchards from Chanthaburi
(12°51' 29" N and 102° 9' 16" E), two orchards from Rayong (12° 49" 60" N and 101° 25' 60"
E), and two orchards from Trad (12° 18" 09" N and 102° 30' 45" E) were chosen for this
study. Each orchard's durian tree included in the experiment was older than eight years
according to Phuwarodom [6]. From December 2018 to November 2020, durian leaf
samples were collected in the flowering, fruiting and after harvesting stages of annual
durian production and utilized for modeling.

One hundred and eleven samples were obtained in total (one sample consisted
of 20 fresh durian leaves). The fresh leaf samples (1) and dried ground leaf sample (2)
were prepared according to Phanomsophon, 2022 [5]. Each dried ground leaf pellet
sample (3) was prepared by using 0.15+0.01 ¢ dried ground leaves placed in a stainless

block (diameter 1.40 cm) and pressurized at 60 MPa (Figure 5.1).

Figure 5.1 The stainless block (a) and pressure machine (b) for pelleting.
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5.2.2 NIR measurement

The NIR scanning according to Phanomsophon, 2022 [5]. An FT-NIR spectrometer
(Bruker Ltd., Germany) was used to scan the samples in reflectance mode with a
wavelength range of 12,500-3,500 cm™, an average of 32 scans and a resolution of 32 cm’
!, Gold was used as the reference material. The scanning was performed under room
conditions at 25+2°C. Figure 5.2 shows the NIR scanning. Before scanning, the fresh leaf
rested for 30 minutes in an ice bucket. The fresh leaf was scanned under an aluminum
plate. One fresh leaf spectrum was representative of a tree and was obtained by averaging
the spectra of 20 fresh leaves and 2 scan positions per leaf. A quartz cup (diameter 4.5
c¢m and height of 5.3 cm) was used to scan the dried ground leaf sample. The dried ground
leaf pellet sample was covered with Spectralon reference material and covered with an
aluminum can before scanning because the sample was smaller than the scan window.
This must be done to avoid the problem of interference between light from outside and
of light leaked from a source. The process time of flesh leaves (FL) was 20 minutes (in
total 20 leaves), while it was 1 minute for dried ground leaves (DL) and dried ground leaf

pellets (PL).

5.2.3 Nutrient measurement
Nutrient analysis according to Phanomsophon, 2022 [5]. Only dried ground leaf
samples were used to measure the primary macronutrients. The nitrogen (N) content was
measured with 0.10 g by TruMac CNS (Leco, USA). Before measurement, the samples were
dried at 70°C for 48 hr. Each sample was prepared for phosphorus (P) and potassium (K)
concentration measurements by heating at 500°C for 6 hrs with 0.25 g, digesting with 10

ml of aqua regia (Merck, Germany), and measuring with ICP-OES (Perkin Elmer, USA).
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Figure 5.2 Predictive macronutrient concentration modeling flow charts.

5.2.4 Model development

In this work, the models were developed by MATLAB R2022b software (Mathwork,

USA). The spectrum used for model development consisted of both nontreatment and

pretreatment, which included 1) raw spectra, 2) smoothing spectra (SMT), 3) smoothing +

standard normal variate (SMT+SNV) and 4) smoothing +2™ derivative (SMT+2D). The
wavelengths used for modeling were the full wavelength (12,500-3,600 cm™), short
wavelength range (selected by high absorption), and wavelength selected by the
successive projection algorithm (SPA). In the case of the short wavelength range were
chosen from the peak that appears clearly on the spectrum, the selected ranges for the
raw spectra, SMT, SMT+SNV and SMT+2D of fresh leaves (FL) were 7,200-4,400 cm’, 7,200-
4,400 cm™, 8,000-4,000 cm™ and 7,500-6,600 cm™ + 6,000-4,000 cm™, respectively. For

dried ground leaves (DL) and dried ground leaf pellets (PL), wavelength ranges of 5,400-
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4,000 cm!, 5,400-4,000 cm?, 8,000-4,000 cm™ and 6,000-4,000 cm™ were selected for raw,
SMT, SMT+SNV and SMT+2D spectra, respectively.

Wavelength selection is a crucial factor for modeling because it enhances the
prediction performance, decreases complexity, and produces a personalized spectrometer
with a high signal-to-noise ratio [26]. SPA is a popular method for wavelength selection
that reduces the number of wavelengths by minimizing collinearity between variables [27].
SPA is a forward feature selection technique that chooses one wavelength and then
chooses a new wavelength with the maximum projection value on the orthogonal
subspace of the previously chosen wavelength, and the procedure is repeated for all
wavelengths [28].

Partial least squares (PLS) regression was used to create the model using leave-
one-out cross-validation. The PLS calibration principle is to maximize the covariance
between the matrix X (spectrum) and the response vector Y (reference value), which
causes the latent variables (LVs) to be ranked in terms of their importance in explaining X
and Y [29]. The number of LVs has an impact on model performance. More LVs increase
the danger of incorporating more noise than information [30].

The model can perform well if the proper parameters are chosen. The number of
wavelengths (NWL) and number of LVs (nLVs) were the major parameters for PLS modeling
on which this work focused. Figure 5.3 shows the variation in SECV/SEP and R?/r? with nWL
(a) and with nLVs (b). The elbow point approach was used to find the proper nWL and
wlLVs. This decrease/increase begins to flatten evidently at some nWL and nLVs, which is
referred to as the 'elbow' point. The elbow method focuses on monotonically decreasing

SECV/SEP and monotonically increasing R%/r*as nWL and nLVs increase [31].
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Figure 5.3 Trend of SECV/SEP and R?/r? versus increasing number of
wavelengths (a) and LVs (b).

5.2.5 Model performance

In_this work, the performance was calculated by MATLAB R2022b software
(Mathwork, USA). To estimate the performance of the model, the models were validated
by cross validation, and the following indices were calculated: for calibration set, the
coefficient of determination of the cross-validation set (R?), the standard deviation of error
of cross-validation (SECV) were considered and for prediction set, the coefficient of
determination of the prediction set (%), the standard deviation of error of prediction (SEP),
bias, and the ratio of prediction to deviation (RPD) were considered, which were calculated

by the following formulas:

) (yx‘g’\x)z
R, 1" = 1- = (5.1)
Z (yl_y)

n-1
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Bias = 25 (5.3)
n
sD,

RPD = ; (5.4)
E

where 'y is the reference value
§/\i is the predicted value

y is the average of the reference value

n is the number of samples

SD, is the standard deviation of the reference value of the prediction set.
Following the selection of the models, the r’ and RPD values were used to assess the

model's performance [32].

5.2.6 Significance evaluation of the model by t test (ISO 12099)
According to I1SO 12099:2017, the determination of the statistics checking of bias,
SEP and slope by t test can be conducted [33]. The bias can be checked with the bias
confidence limits (Ty). If the bias value is less than Ty, the bias is not significantly different

from zero, indicating a 0% prediction error. T, can be calculated by the following formula:

Y1 oy2)SEP
T, &2+ — = 5.5
. v =

where 1t q/,) is the appropriate Student’s t value for a two-tailed test with degrees of
freedom associated with SEP and the selected probability of a type | error, Q is
the probability of making a type | error
n is the number of independent samples
The SEP can be checked with the unexplained error confidence limit (Tyg). If the
SEP value is less than the T ¢ value, the SEP can be accepted, indicating the high precision

of the prediction model. Ty can be calculated using the following formula:

TUE:SEC'\ , F(Ot,v,l\/l) (56)

where F is the F test value
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v =n — 1 is the numerator degree of freedom associated with the SEP of the test

set, in which n is the number of samples in the validation process

M =n. - p - 1is the denominator degree of freedom associated with the SEC, in

which n is the number of calibration samples and p is the number of LVs.

The slope of the scatter plot between the reference value and predicted value
can be checked with the observed t value (tyys). If toys is less than t.qy ), the slope is not
different from 1 (b = 1), indicating 100% prediction accuracy of the model. t,,, can be

calculated using the following formula:

S3n-1)
J[obs: |b_1| 2 (5.7)
Y. by (a+by )l
SreS i & P (58)
n-2

where a is the intercept of the simple regression

b is slope of the simple regression

S; is the variance of the n predicted values

Sies 15 the residual standard deviation.

This study applied statistical checking of the slope with the predicted value from
the model and another model to check the hypothesis that b =1. If typ is less than t.ay»),

the predicted value from the model does not differ from another model.

5.3 Results

5.3.1 Data on the macronutrient content of durian leaf samples
All macronutrient content data (N, P and K) were sorted ascending and split to
809%:20% for the calibration set to the prediction set. The calibration set range was

covered by the prediction set range. Based on 111 samples, it was possible to separate
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them into 89 calibration samples and 22 prediction samples, which were the same for
fresh leaf (FL), dried ground leaf (DL), and dried ground leaf pellet samples (PL). The
statistical characteristics of all nutritional data were normally distributed. The
concentrations of macronutrients in durian leaf samples were N = 1.53-3.87%, P = 0.05-

0.39%, and K = 1.04-2.44% (Table 5.1).

Table 5.1 Statistical characteristics of macronutrient data.

Parameters Datasets N Max (%) Mean (%) Min (%) SD (%)

N Calibration 89 3.87 2.50 1.53 0.39
Prediction 02 3.48 281 1.81 0.37

P Calibration 89 0.39 0.22 0.05 0.05
Prediction 22 0.32 0.22 0.11 0.05

K Calibration 89 2.44 1.61 1.04 0.30
Prediction 22 2.37 1.62 1.10 0.30

*N: number of samples, SD: the standard deviation.

5.3.2 NIR spectrum of durian leaf sample matrices

The raw spectrum of FL samples (Figure 5.4a) showed high absorption at 6881 cm’
Land 5176 cm ! (i.e., vibration bands of sucrose, starch, and H,0 [9], respectively). The raw
spectra of the DL and PL samples (Figure 5.4a) had the same NIR absorption behavior; in
both spectra, only the baseline shift appeared due to the different densities. The spectra
were pretreated with smoothing (SMT), smoothing + standard normal variate (SMT+SNV)
and smoothing +2™ derivative (SMT+2D), and it was found that the correlation between
macronutrient content and absorption in some wavelengths of SMT+2D spectra was higher
than that of other spectra. In Figure 5.4b, the SMT+2D spectra of FL samples showed high
absorption at 7212, 7097, 5353, 5276, 4489 and 4188 cm™ (under zero-line peaks), which
correspond to the chemical bands of CH,, ROH, starch, starch, amino acid and cellulose,

respectively [9]). For the DL and PL samples (Figure 5.4b), high peaks were observed at
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5276, 4489 cm™ and 4188 cm™ (under zero-line peaks). These absorbance values are the
vibration bands of starch, amino acids and cellulose, respectively [9]. The indication of
water in FL was discarded in the DL and PL samples, and N, P and K are not atoms in the

H,O molecule.
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Figure 5.4 Raw spectra (a) and smoothing+2"? derivative spectra (b) of samples.
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5.3.3 Comparison of predicted macronutrient concentration models for durian
leaf sample matrices
The type of sample, number of wavelengths, spectral pretreatment, and number
of PLS factors are all aspects that influenced the performance of the PLS regression model.
Spectra pretreatment including smoothing (SMT) spectra, smoothing + standard normal
variate (SMT+SNV) and smoothing +2" derivative (SMT+2D) could boost performance of
models. Table 5.2 revealed that the model with a wavelength selection had slightly
different r? values to using the full wavelength, and in some cases, the model performed
even better. Unwanted noise was decreased by removing wavelengths that were
unrelated to nutrient content [34]. A comparison of model performance for sample
matrices showed that the models for N content prediction from FL, DL, or PL had similar
r* values. In models for K content prediction, the use of DL and PL spectra yielded slightly
higher r? values compared to models using FL spectra. However, r? values were poor when
predicting P due to its very small amount in the leaf (<0.40%).
The most accurate model for estimating N content in durian leaves was created
using full-SMT spectra of DL samples with LVs = 14, which achieved an r? value of 0.912,
SEP of 0.11%, RPD of 3.45, and bias of -0.025%. This model was considered excellent (r?
> 0.90), and the prediction quality was rated as good to exceptional (RPD > 3.0) [35]. A
comparison of the predicted values from the best model and other models of the same
sample type was conducted using a t-test to check the hypothesis of the slope of the
scatter plot. For FL sample, the PLS-full wavelength, PLS-short wavelength, and PLS-SPA
models showed no significant difference compared to the best model at a 95% confidence
interval. These results indicated similar accuracy of prediction. Similarly, for DL sample,
the models showed no significant difference, except for the PLS-SPA model with raw
spectrum, which showed a significant difference compared to the others. Regarding the
PL models, the PLS-short wavelength and PLS-SPA models showed no significant

difference, but the PLS-full wavelength model exhibited a significant difference.
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The results were insufficient for predicting P content in durian leaf. None of the
models had a r? value more than 0.66 and RPD greater than 2.00 [35] in matrix durian leaf
samples.

The DL sample with LVs = 14 exhibited the highest accuracy in estimating the K
content in durian leaves, as indicated by an r? value of 0.820, SEP of 0.13%, RPD of 2.36,
and bias of 0.006%. The models displayed r? values ranging from 0.80 to 0.90, indicating
good prediction accuracy. Additionally, the RPD wvalues ranged from 2.00 to 2.50,
demonstrating that the models were capable of providing approximate quantitative
predictions [35].

To test the slope hypothesis, a t-test was conducted to compare the predicted
values from the best model and other models of the same sample type for K content
estimating. The results showed that the models of the FL sample were not significantly
different from the best model at the 95% confidence interval. However, the PLS-short
wavelength with SMT+SNV spectra and PLS-SPA with SMT spectra exhibited no significant
difference in the DL sample, while other models (PLS-full with raw spectra, PLS-full with
SMT spectra, PLS-short wavelength with raw spectra and PLS-SPA with raw spectra)
showed considerable differences compared to the best model (PLS-short wavelength with
SMT+SNV. spectra). In the PL sample, PLS-full wavelength with raw spectra and SMT
spectra did not show significant differences, as well as PLS-SPA with SMT+SNV spectra.
However, the other models were significantly different from the best model.

The slope hypothesis between the best model and other models in the same
sample type was tested by t test, and it was found that they were not different in the
prediction of some model of N and K which were predicted in durian leaves. The P models

were not tested because of poorly.
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Nutrient Sample Wave-  Pretreatment Calibration set Prediction set

lengths nLVs  nWL R? SECV (%) r? SEP (%) RPD Bias (%) Slope t test

N Fresh Full raw 12 1154  0.856 0.15 0.819 0.16 2.35 -0.003 NS

leaf SMT 12 1154  0.845 0.15 0.815 0.16 2.33 0.000 NS

Short raw 8 365 0.806 0.17 0.745 0.19 2.00 -0.023 NS

SMT 15 365 0.885 0.13 0.851 0.14 2.60 0.002 NS

SPA raw 10 200 0.780 0.18 0.605 0.23 1.60 -0.023 NS

SMT+2D 15 286 0.900 0.12 0.852 0.14 2.63 -0.020 *

Dried Full raw 14 1154~ 0.966  0.07 0.874  0.13 286  -0.021 NS

ground SMT 14 1154 0.948  0.09 0912 0.11 345 0025 @ *

leaves Short raw w 182 0.903 0.12 0.852 ~ 0.14 272 0.042 NS

SMT+SNV 14 182 0.902  0.12 0.869  0.13 2.80  0.021 NS

SPA raw 11 155 0.786  0.18 0.638  0.22 1.66  -0.002 S

SMT 11 235 0.891 0.13 0.879 0.13 2.89 0.011 NS

Dried Full raw 7 1154~ 0.809  0.17 0.749 ~ 0.18 2.00  0.011

ground SMT 1154 0.838  0.15 0.786  0.17 216  -0.001 S

leaves Short raw 8 182 0.877  0.14 0.819 0.14 257  0.062 NS

pellet SMT+SNV 12 182 0.909 0.12 0.851 0.12 2.98 0.069 NS

SPA raw 10 121 0.771  0.18 0.718 0.18 201  0.067 NS

SMT 11 235 0.887 0.13 0.880 0.12 3.10 0.045 *




115

Nutrient Sample Wave-  Pretreatment Calibration set Prediction set
lengths nLVs  nWL R? SECV (%) r* SEP (%) RPD Bias (%) Slope t test
P Fresh Full raw 12 1154 0.620 0.03 0.118 0.04 1.06 0.002 S
leaf SMT 3 1154  0.154 0.05 0.232 0.04 1.14 0.02 S
Short raw 10 365 0.497 0.04 0.019 0.05 1.03 0.008 S
SMT+2D a4 378 0.283 0.04 0.235 0.04 1.14 0.001 NS
SPA raw 12 57 0.371 0.04 0.140 0.04 1.11 -0.011 S
SMT+2D 5 372 0.327  0.04 0.323 0.04 1.22 0.000
Dried Full raw a4 1154 0.228 0.05 0.029 0.05 1.00 -0.009 S
ground SMT+2D 3 1154  0.411 0.04 0.276 0.04 1.18 0.000 NS
leaves Short raw 3 182 0.191 0.05 0.055 0.05 1.03 0.001 S
SMT+2D 6 260 0.557 0.04 0.100 0.04 1.08 -0.009 NS
SPA raw 13 15 0.395 0.04 0.137 0.04 1.08 0.001 NS

SMT+2D 361 0.447 0.04 0.341  0.04 1.23  0.003 *

Dried Full raw 1154 0.143 0.05 0.121 0.05 0.95 -0.003 NS
ground SMT+SNV 1154 0.523 0.04 0.258  0.04 1.16 -0.001 NS

pellet SMT+2D 260 0.485 0.04 0.362  0.04 1.26 -0.003 *

SPA raw 123 0.311 0.04 0.120 0.04 1.08  0.006
150 0.393 0.04 0.220  0.04 1.13  0.003

wn

3
3
9
leaves Short raw 5 182 0.254  0.05 0.086  0.04 1.06 0.008 S
5
8
6

SMT+2D

wn
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Nutrient Sample Wave-  Pretreatment Calibration set Prediction set

lengths nLVs  nWL R? SECV (%) r* SEP (%) RPD Bias (%) Slope t test

K Fresh Full raw 13 1154  0.811 0.13 0.383 0.24 1.27 0.008 NS

leaf SMT+2D 8 1154 0.849 ~ 0.12 0.678  0.17 1.81  0.040 *

Short raw 5 365 0.361 0.24 0.388 0.23 1.33 0.065 NS

SMT+SNV 10 365 0.602 0.19 0.524 0.20 1.51 0.059 NS

SPA raw 15 202 0.762 0.14 0.678 0.17 1.76 -0.009 NS

SMT+2D 14 45 0.670  0.17 0.657  0.17 1.76 0.043 NS

Dried Full raw 10 1154  0.803 0.13 0.715 0.15 1.98  0.052 S

ground SMT 10 A NSA/0. 880, QY 0.758  0.14 213 0.043 S

leaves Short raw 8 182 0.607  0.19 0.597  0.19 1.63  0.050 S

SMT+SNV 18 182 0.825  0.12 0.834 0.12 254  0.030 *

SPA raw 10 171 0.647  0.18 0.642  0.18 1.72  0.044 S

SMT 14 234 0.811  0.13 0.820 0.13 236  0.006 NS

Dried Full raw 13 1154 0.849  0.12 0.810 0.13 234 -0.025 NS

ground SMT 13 1154~ 0.817 . 0.13 0.836  0.12 251  -0.021 *

leaves Short raw 18 182 0.858  0.11 0.783 0.14 219  -0.028 S

pellet SMT+SNV 19 182 0.814 0.13 0.747 0.15 2.01 -0.022 S

SPA raw 10 42 0.675 0.17 0.400 0.23 1.31 0.042 S

SMT+SNV 11 971 0.800 0.13 0.808 0.13 2.29 -0.013 NS

* nLVs, number of latent variables (PLS factors); nWL, number of wavelengths; R%, coefficient of determination of calibration set; SECV, standard error of cross validation; r?, coefficient of
determination of prediction set; SEP, standard error of prediction; RPD, ratio of prediction to deviation; SPA, successive projections algorithm; SMT, smoothing; SMT+SNV, smoothing+standard
normal variate; SMT+2D, smoothing+2nd derivative; *, the highest r* model; NS, no significant difference between NIR-predicted macronutrient concentration of the highest r> model and itself

model at 95% confidence interval; S, significant difference between NIR-predicted nutrient concentration of the highest r* model and itself model at 95% confidence interval.
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The models with high r?, least number of wavelengths, least number of LVs and no
significant difference with the best model were suggested as a representation for
macronutrient prediction in durian leaves because this method was fastest, and it used
only important wavelengths indicating for test in prediction. Thus, the performance of the
selected models had to be further evaluated with a bias test, SEP test and slope test for
whether SEP and bias can be considered to be zero or not, and slope can be one or not,

according to ISO 12099.

Table 5.3 The performance measurement statistics by t test of selected models followed

in 15012099.

Sampl @S\ope t-test between models Battristers
Bias test SEP test Slope test
Bias ™ AN JER T R TANTE R
(%) (%) value

N

Fresh leaf"® -0.020 #0.053 ns 0.12 0.18 ns 0.06 2.08 ns

Dried ground leaves powder* 0.011 +0.058 ns 013 017 ns 138 208 ns
Dried ground leaves pellet"® 0.045 +0.053 ns 013 0.16 ns 149 208 ns
K

Fresh leaf® 0.043 +0.075 ns 017 022 ns 062 208 ns
Dried ground leaves powder* 0.006 @ +0.058 ns 0.13 0.17 ns 0.56 2.08 ns
Dried ground leaves pellet™ -0.013 +0.058 ns 0.13 0.17 'ns 063 208 ns

* R, comparison result; Ty, the bias confidence limit; SEP, standard error of prediction; T, the unexplained error
confidence limit; Tops, the observed t value to check the hypothesis that slope = 1; t value, the t value obtained from
the t distribution table for probability of O = 0.05; *, the highest r> model; NS, no significant difference between NIR
predicted nutrient concentration of the highest r> model and itself model at 95% confidence interval; S, significant
difference between NIR predicted nutrient concentration of the highest r? model and itself model at 95% confidence

interval; ns, no significant difference at 95% confidence interval; s, significant difference at 95% confidence interval.

Table 5.3 presents the bias values of the best prediction models for N in FL, DL,
and PL samples as -0.020%, 0.011%, and 0.069%, respectively. These values were lower

than the bias confidence limits (T, = +0.053%, +0.058%, and +0.053%, respectively).
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Regarding the K models, the bias value was lower than the bias confidence limits in all
models (the biases to T, of FL, DL, and PL samples were 0.043% to +0.075%, 0.006% to
+0.0058%, and -0.013% to +0.058%, respectively). These results indicate that there was
no statistically significant difference between the NIR predicted and reference values.

In terms of SEP testing, the N model showed that the SEP (for FL = 0.12, DL = 0.13,
and PL = 0.13) was lower than the confidence limits of unexplained error (T for FL =
0.18, DL = 0.17, and PL = 0.16). Similarly, the SEP was lower than the T for the K models
(the SEP to Tye of FL, DL, and PL were 0.17 to 0.22, 0.13 to 0.17, and 0.13 to 0.17,

respectively). These results confirm that the SEP of all models can be considered

acceptable.
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Figure 5.5 Scatter plots of measured value and predicted value from the best model to

predict N content (a), P content (b) and K content (c) in durian leaves.

Furthermore, the scatter plot slopes of the prediction values and reference values
for the N and K models of FL, DL, and PL were not significantly different, as indicated by
tops (Of N, for FL = 0.06, for DL = 1.18, and for PL = 1.49; of K, for FL = 0.62, for DL = 0.56,
and for PL = 0.63) being lower than the t value (2.08). When conducting the slope
hypothesis t-test for predicting macronutrients between the FL, DL, and PL models, it was
observed that the N prediction models were not significantly different at the 95%
confidence interval. However, the K prediction model in the FL sample differed from the
other matrix models. Therefore, no sample pretreatment was required prior to NIR
scanning for N estimation, but FL samples did not yield satisfactory results for K estimation.
Consequently, the DL sample was deemed suitable for K prediction.

Figure 5.5 illustrates scatter plots depicting the measured values and predicted
values of N content (Figure 5.5a), P content (Figure 5.5b), and K content Figure 5.5¢) for
the best macronutrient prediction model in durian leaf. The PLS-SPA model with SMT+2D
spectra from the FL sample represented the best performance for N prediction, with r? =
0.852, SEP = 0.14%, RPD = 2.63, and bias = -0.020% (Table 5.2). As for P prediction, the
PLS-SPA model using SMT+2D spectra and DL samples exhibited the performance, with r?

=0.341, SEP = 0.04%, RPD = 1.23, and bias = -0.003%. The selected model for K estimation



120

was the PLS-SPA model with SMT spectra from the DL sample, which yielded r? = 0.820,
SEP = 0.13%, RPD = 2.36, and bias = 0.006%. These results indicate good prediction
accuracy [35].

Figure 5.6 shows the VIP score for evaluating the N, P, and K contents. The VIP
score for N prediction in fresh durian leaf was the highest in the top 5 at 5,797 cm™ and
3,693 cm’, indicating that CH, (component of nucleic acid [36]) and CH (component of
amino acid [37]) were essential in evaluating N for the PLS-SPA model. The wavelength of
CH (component of sucrose [38], at 3,680 cm™) were in the top 5 VIP scores for P, meaning
that CH were important to P prediction in DL sample. The NH (component of amino acids
[39] that is in protein [40], at 6,805 cm™) and CH (component of amino acid [37], at 12,453

and 3,613 cm™) were key for predicting K in DL sample using NIR spectroscopy.
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Figure 5.6 The spectrum versus VIP score for the model to predict N content (a), P

content (b) and K content (c) in durian leaves.
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5.4 Discussion

5.4.1 Data on the macronutrient content of durian leaf samples

The calibration set was used to create a model for macronutrient estimation.
Afterward, the prediction set was used to verify the performance of the model. Both
datasets of fresh leaf (FL), dried ground leaf (DL), and dried ground leaf pellet (PL) samples
were from the same sample for a clear model comparison. The values of N and P in durian
leaf samples covered high-appropriate-low levels, according to the standard value [6] for
macronutrient concentration levels in durian leaves, and the K value covered appropriate-
low levels. This was not a regression modeling problem because the K data were normally

distributed.

5.4.2 NIR spectrum of durian leaf sample matrices

Although the DL and PL samples had the same particle size, the arrangement of
the particles was different, which caused a baseline shift of the spectrum due to the
different light scattering path lengths inside the sample [9]. However, both NIR absorption
spectral structures were quite similar. After the 2" derivative spectra pretreatment, some
peaks that were not observed in the raw spectra appeared because the 2" derivative
pretreatment solved the overlapping problem [32]. The 2" derivative spectra showed
peaks of cellulose (CH, [41]), proteins (amino acid and ROH [40, 42]), and starch that are

related to N, P and K [10, 43-45].

5.4.3 Comparison of predicted macronutrient concentration models developed

by different durian leaf sample matrices
Spectrum pretreatment and wavelength selection can improve the performance
of the model because of the removal of undesirable spectral variations and noise [46].
The SPA was used to help discard noninformative variables [47] that did not make the
modeling require many wavelengths, but the performance was still comparable to that of

full-wavelength or short-wavelength modeling. Although the value of r* was slightly
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decreased, the processing time was reduced due to the smaller number of wavelengths.
When SO 12099 standards were examined, the macronutrient NIR predicted, and
reference nutrient were not different in the statistical significance at the 95% confidence
interval. In this case, using FL samples for evaluation N in durian leaves was the
recommended option since it eliminates the need for sample preparation and saves time
(for one sample, the 20 leaves were scanned in 20 minutes) and using DL samples for
evaluation K in durian leaves (one sample, 48 hrs for sample preparing and 1 minutes for
scanning). The r? and RPD of N and K of durian leaf models confirmed that the models
were good prediction [35]. The concentration of N has a significant influence on amino
acid and protein synthesis [48], and there was a high correlation (the highest = 0.72)
between NIR absorption of SMT+2D spectra and N content in fresh leaves. Similarly, the
concentration of K affects protein synthesis [49], and the best correlation between NIR
absorption of SMT spectra and K content in dried ground leaves was 0.58. Although P
content is also important for the sucrose ratio in the leaves [50], this study was unable to
estimate the P concentration due to the low correlation (<0.40) between NIR absorption
of SMT+2D spectra and P content in durian leaves, and the P content range was too small.
More samples, particularly those with P sample and high K concentration samples, will be
needed in the future to improve the performance of the model and to cover all levels
concentration range.

The use of NIR spectroscopy to evaluate macronutrient contents (N, P, and K) in
leaves has been studied, but there has been no research on durian leaves. Aside from
that study, the rapid measurement of N and K concentration levels in durian (CV.
Monthong) leaves using an FT-NIR spectrometer is recommended [5], NIR spectroscopy
can be used to identify the class of macronutrient concentrations (N and K) in durian
leaves. However, further research is needed to more try in P estimation of durian leaf. As
a result, users should select a model to evaluate the value or classify nutrient

concentrations in durian leaves based on their intended function.



124

5.5 Conclusion

This work describes the application of NIR measurements to evaluate the
concentrations of N and K in durian (Durio zibethinus Murray CV. Monthong) leaves across
different sample matrices. The study highlights the following key findings: 1) FT-NIR
spectroscopy is a recommended instrument for rapidly evaluating macronutrients in
durian leaves using PLS models. 2) Spectral feature wavelength selection techniques, such
as SPA, can aid in determining the most significant wavelengths for modeling. In particular,
wavelength of CH; is important for N models, the wavelength of CH is important for both
N and K models, and the wavelength of NH is important for the K model. 3) All three
sample matrices (fresh leaf, dried ground leaf, and dried ground leaf pellet samples) can
be used to develop models for N content prediction with comparable accuracy. However,
for rapid preparation, fresh leaf samples are recommended as they do not require sample
preparation before NIR scanning. Dried ground leaves and dried ground leaf pellet samples
can also be used with good accuracy for K content prediction modeling. The prediction
of P content in durian leaf using NIR spectroscopy is not successful. This study achieved
good prediction models of N and K concentration by collecting samples from different
stages of growth of durian trees and various locations, enabling the estimation of a wide
range of nutrient contents in durian leaves. However, it is important to increase the

number of samples for future predictions.
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Chapter 6

The near infrared spectroscopy model
lowest limit of quantification for nutrient in durian

(CV Monthong) leaf evaluation

NIR spectroscopy is a well-known method to obtain quick assessments. The Fourier
transform near-infrared (FT-NIR) spectrometer can rapidly determine the macronutrient
(nitrogen; N, phosphorus; P, and potassium; K) content of durian leaves (fresh leaf; FL,
dried ground leaves; DL, and dried ground leaves pellet; PL) by the model. The NIR
model's proven lowest limit of quantification (LOQ) is worth to study to present the lowest
monitoring limit. The goal of the study was to evaluate for the LOQ of the partial least
squares (PLS) model for the macronutrients evaluation in durian leaves which model
developed by full-spectra (12,500-3,600 cm™), short-spectra (7,500-6,000 cm™ + 6,600~
4,000 cm™ for FL and 6,000-4,000 cm™ for DL and PL) and selected wavelength using a
successive projections algorithm (SPA) and were spectra pre-treat by smoothing,
smoothing+standard normal variate and smoothing+2nd derivative method. The LOQ of
N model using full-spectra, short-spectra and SPA were 1.52%, 1.30% and 1.22% for FL,
0.889%, 1.21% and 1.27% for DL, and 1.64%, 1.17% and 1.30% for PL, respectively, while
the minimum of N data was 1.53%. The LOQ of P model using full-spectra, short-spectra
and SPA were 0.48%, 0.45% and 0.43% for FL, 0.40%, 0.33% and 0.39% for DL, and 0.36%,
0.38% and 0.41% for PL, respectively, while the minimum of P data was 0.05%. The LOQ
of K model using full-spectra, short-spectra and SPA were 1.15%, 1.88% and 1.71% for FL,
1.44%, 1.24% and 1.29% for DL, and 1.27%, 1.28% and 1.33% for PL, respectively, while

the minimum of K data was 1.04%. This results showed a sensitivity of NIR models for
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macronutrient assessment which the LOQ of N model was lower than the minimum

content for modelling content.

6.1 Introduction

Near infrared (NIR) spectroscopy is a rapid and non-destructive analysis which is
widely used to qualitative and quantitative testing in pharmacy, agriculture, food, and
chemical industry [1]. There are several published research on the use of NIR to predict
nutrient in leaf; apple [2], tomato [3, 4], olive [5], rubber [6], orange [7], tea [8], moringa
oleifera [9] and durian [10]. Our study is also successful. Chapter 5 shows that the FT-NIR
spectrometer can assess macronutrient in durian (CV-Monthong) leaf when it combined
with PLS model for fresh leaf (FL), dried ground leaves (DL) and dried ground leaves pellet
(PL) sample. The model regarding every sample matrix using smoothing +2" derivative
spectra was acceptable, and the prediction was considered good to excellent. The
nitrogen (N) predicting model showed the r* of FL = 0.981-0.983, DL = 0.957-0.988, and PL
= 0.971-0.992. The phosphorus (P) predicting model showed the r” of FL = 0.974-0.986, DL
= 0.965-0.984, and PL = 0.972-0.988. The potassium (K) predicting model showed the r? of
FL = 0.974-0.992, DL = 0.954-0.984, and PL = 0.980-0.991.

The method validation is necessary to make sure that the NIR protocol developed,
and reference method is reliable [11]. The analytical performance characteristics
(parameters) were accuracy, precision, specificity, limit of detection (LOD), limit of
quantitation (LOQ), linearity, range, and robustness [12]. The method validation is not
required to complete all parameters. The monitored parameter depends on the type of
analytical method. The NIR spectroscopy method often validates precision (repeatability
and reproducibility) and linearity (R?). However, we can verify the LOQ for evaluation to
the smallest or the lowest concentration which the used analyzer can accept with

accuracy, precision, and uncertainty [11], which indicates sensitivity of model.
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This study focuses on the LOQ of PLS regression model for macronutrient
assessment in durian (CV Monthong) leaf using near infrared spectroscopy which modeling
by the leaf sample matrices (fresh leaf, dried ground leaves, and dried ground leaf pellet)
and wavelength selection (full wavelength, short wavelength, and selected wavelength
by successive projections algorithm (SPA)). The goals of this study were as follows: 1) to
validate calibration model by the LOQ. 2) to compare the LOQ from difference sample
and wavelength selection model. If the LOQ is lower than minimum value for modeling,

it can confirm the lowest concentration that model can detect.

6.2 Materials and Methods

6.2.1 Durian leaf samples

The fresh leaves of durian (Durio zibethinus Murray CV. Monthong) were collected
from Rayong, Chanthaburi, and Trad in Thailand from December 2018 to November 2020.
A sample of 20 fresh leaves was collected from one durian tree. After collecting, the 20
fresh leaf samples were washed with 0.1 N HCl acid and rinsed 3 times with distilled water.
Subsequently, samples were dried at 70°C for 48 h, crushed, and sieved through 40 mesh
(0.42 mm) perforated screen that obtain a dried ground leaves sample. The 0.15+0.01g¢
dried ground leaf sample was placed in a stainless block (diameter 1.40 cm) and
pressurized at 60 MPa to obtain a dried eround leaves pellet sample. A total of 89 samples

were used for calibration modeling, and 22 samples were used for model validation.

6.2.2 Near infrared scanning
The fresh leaves sample (FL) was scanned in two positions (proximal and distal
side) while covering with an aluminum plate. The dried ground leaf sample (DL) was
scanned with by using a quartz cup (4.3 cm diameter, 7.0 cm in height). The dried ground
leaf pellet sample (PL) was scanned while covering with Spectralon reference material

and covered with an aluminum can. The used NIR spectrometer is FT (Fourier



135

transformed)-NIR spectrometer (Bruker Ltd., Germany) which scanned at a wavenumber of

12,500-4,000 cm™, an average of 32 scans and a resolution of 32 cmL.

6.2.3 Sample analysis
The dried ground leaf samples were analyzed by TruMac CNS (Leco, USA) for

nitrogen (N) and ICP-OES (Perkin Elmer, USA) for phosphorus (P) and potassium (K). Table

6.1 shown macronutrient data of sample which was used modeling.

Table 6.1 Statistical characteristics of macronutrient data.

Nutrients  Datasets N Max (%)  Mean (%) Min (%) SD (%)

N Calibration 89 3.87 2.50 1.53 0.39
Prediction 22 3.48 2.51 1.81 0.37

P Calibration 89 0.39 0.22 0.05 0.05
Prediction 22 0.32 0.22 0.11 0.05

K Calibration =~ 89 2.44 1.61 1.04 0.30
Prediction 22 2.37 1.62 1.10 0.30

*N: number of samples, SD: the standard deviation.

6.2.4 Modeling

This work used regression model (from chapter 5) by partial least squares (PLS)
regression with smoothing +2"¢ derivative spectra. The wavelengths used for modeling
were the full wavelength (12,500-3,600 cm™), short wavelength (7,500-6,600 cm™ + 6,000-
4,000 cm! for FL and 6,000-4,000 cm™ for DL and PL), and selected wavelength by
successive projections algorithm (SPA).

6.2.5 The limit of quantification

The limit of quantitation (LOQ) or sometimes also referred as quantification limit,

(QL) is the lowest possible concentration of analyte that can be reliably measured by the

method [13]. There are several ways to find LOQ: based on visual evaluation, based on
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signal-to-noise, and based on the standard deviation of the response on the slope [14].
This study focuses on the LOQ based on the standard deviation of the response on the

slope. The LOQ can be calculated as this equation:

100

LOQ= - (6.1)

where O is the residual standard deviation of reference value and predicted value.
S is the slope of the regression line.

Figure 6.1 shows the step of the lowest limit of quantification (LOQ) determining.

N
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l l

]
)

[ Reference value { Predicted value ]
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reference and predicted value (O) predicted value (S)

100
LOQ =—

Figure 6.1 Step of determining the lowest limit of quantification (LOQ).
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6.3 Results

The PLS regression models from chapter 5 were used to determine the LOQ to
validate model. Table 6.2 shows the LOQ of macronutrients content assessment model
in durian leaf.

Table 6.2 The LOQ result of PLS models for macronutrients content assessment in durian

leaf.

Nutrient Sample Spectra pretreatment nLVs nWL R? r’ SD slope LOQ
N FL Full SMT 12 1154 0.845 0.815 0.15 1.00 1.52
Short SMT 15 365 0.885 0.851 0.13 1.00 1.30

SPA SMT+2D 15 286 0.9 0.852 0.12 1.00 1.22

DL Full SMT 14 1154 0948 0912 0.09 1.00 0.88

Short SMT+SNV 14 182 0902 0.869 0.12 1.00 1.21

SPA SMT 11 235 .0.891 0.879 0.13 1.00 1.27

PL Full SMT 8 1154 0.838 0.786 0.16 1.00 1.64

Short SMT+SNV 12 182 0909 0.851 0.12 1.00 1.17

SPA SMT 11 235 0.887 0.880 0.13 1.00 1.30

P FL Full SMT 3 1154 0.154 0.232 0.05 1.00 0.48
Short SMT+2D 4 378 0.283 0.235 0.04 1.00 0.45

SPA SMT+2D 5 372 0.327 0.323 0.04 1.00 0.43

DL Full SMT+2D 3 1154 0.411 0.276 0.04 1.00 0.40

Short SMT+2D 6 260  0.557 0.100 0.03 1.00 0.33

SPA SMT+2D 3 361 0447 0341 0.04 1.00 0.39

PL Full SMT+SNV 9 1154 0523 0.258 0.04 1.00 0.36

Short SMT+2D 5 260 0485 0.362 0.04 1.00 0.38

SPA SMT+2D 6 150 0.393 0.220 0.04 1.00 0.41

K FL Full SMT+2D 8 1154 0.849 0.678 0.12 1.00 1.15
Short SMT+SNV 10 365 1 0.602 0524 0.19 1.00 1.88

SPA SMT+2D 14 45 0.67 0.657 0.17 1.00 1.71

DL Full SMT 10 1154 0.765 0.758 0.14 1.00 1.44

Short SMT+SNV 18 182  0.825 0.834 0.12 1.00 1.24

SPA SMT 14 234 0.811 0.820 0.13 1.00 1.29

PL Full SMT 13 1154 0.817 0.836 0.13 1.00 1.27

Short SMT+SNV 19 182  0.814 0.747 0.13 1.00 1.28

SPA SMT+SNV 11 971  0.800 0.808 0.13 1.00 1.33

*nLVs, number of latent variables (PLS factors); nWL, number of wavelengths; R?, coefficient of determination of
calibration set; r?, coefficient of determination of prediction set; SD, standard deviation; LOQ, lowest limit of detection
quantification; SPA, successive projections algorithm; SMT, smoothing; SMT+SNV, smoothing+standard normal variate;

SMT+2D, smoothing+2nd derivative
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6.4 Discussion

The LOQ of all N content models (except for a model for PL samples using SMT
spectra and the full wavelength) was lower than the minimum N concentration used for
modeling. This means that the models can detect N concentrations in durian leaves from
approximately 1.53% onwards or based on the LOQ value of the respective model. The
LOQ of the P content model was higher than the minimum P concentration used for
modeling (above 0.28-0.43%). This indicates that the models have limitations for
evaluating P content in durian leaves. Predicted samples should have a P concentration
higher than the model's LOQ. Similarly, the LOQ of the K content model was also higher
than the lowest concentration utilized for modeling (above 0.11-0.84%). Consequently,
the models have limitations in evaluating K content in durian leaves. The estimated
sample should contain more K than the model's LOQ. It was observed that as the R? value
of a model increased, the LOQ decreased, as a more accurate model leads to more
precise predictions and therefore the sensitivity of the model. Consequently, the lowest
possible detection limit is also reduced.

One limitation of using NIR for nutrient content prediction is that the modeling
data must encompass all future data comprehensively. Therefore, collecting a large
number of samples is necessary for this method. Naturally, we cannot control the nutrient
content of durian leaves as needed by fertilizing [15]. Nutrients are absorbed by plants
from the soil and stored in various parts, such as leaves, trunks, flowers, and fruits.
However, there is one way to create a sample with high nutrient content in the leaf, which
is through foliar spraying. Foliar plant spray involves directly applying fertilizer to the leaves
of a plant. On the other hand, there is no method to deliberately create a sample with
low nutrient content in the leaf, except by refraining from using fertilizer. Consequently,
collecting samples with low nutrient content poses greater difficulty. Therefore, an
accurate model can help overcome the challenge of collecting leaf samples with low
nutrient content, as the LOQ of the NIR model demonstrates sensitivity lower than the

minimum content of a real sample.
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6.5 Conclusion

The lowest limit of quantification of NIR models for evaluating N concentration

was lower than the minimum reference value used for modeling, indicating high sensitivity

of NIR models for assessing N. However, the lowest quantification limit of models for

estimating P and K was higher than the minimal reference value. Consequently, future

improvement of the model accuracy will improve its sensitivity too.
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Chapter 7

The evaluation of nitrogen in durian (CV Monthong)

leaf using terahertz (THz) spectroscopy

Terahertz (THz) spectroscopy is a nondestructive technique that the study of the
interaction between matter and electromagnetic radiation with frequencies in the
terahertz range (typically between 0.1 and 10 THz). The durian (Durio zibethinus Murray
CV. Monthong) leaf tablet was scanned by Terahertz time-domain (THz-TD) spectrometer
with a bandwidth of 0.1-4.0 THz. Partial least squares (PLS) regression models with full
wavelength were created to nitrogen (N) evaluate in the sample. This result shows that

relationship of THz spectra and N content was not found.

7.1 Introduction

Nitrogen (N) is an essential element for plant growth and is a crucial component
of leaf tissue. It plays a vital role in various physiological processes, including
photosynthesis, protein synthesis, and chlorophyll production. In plant leaves, N is
primarily present in the form of proteins and chlorophyll [1]. When N is deficient, it can
lead to stunted growth, yellowing of leaves, and reduced overall plant health [2]. In durian
cultivation, the proper amount of nitrogen is required for the tree to grow up and to be
ready for durian fruit production.

Terahertz spectroscopy is a technique of studying and analyzing materials using
terahertz (THz) radiation. Terahertz radiation lies in the electromagnetic spectrum between
the microwave and infrared regions, with frequencies typically ranging from 0.1 to 10 THz

(10 Hz) [3]. It is safe for investigating biological samples, including tissues and cells, since
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it is low energy radiation that can penetrate dry, nonmetallic, nonpolar materials but is
not powerful enough to ionize an atom or a molecule [4]. Terahertz technology is
currently the most powerful for characterization of complicated dielectric materials [5].
As a result, THz has applications in non-destructive testing (NDT), food industry,
communication, medical and biomedical, agriculture, and safety and security [6] fields.
Terahertz Time-Domain Spectroscopy (THz-TDS) is one method commonly used in THz
spectroscopy that involves ultrashort pulses of terahertz radiation generated using
femtosecond lasers. These pulses are then directed onto the sample, and the response
of the sample is measured as a function of time [7]. By analyzing the time-domain signal,
information about the dielectric properties, refractive index, and absorption features of
the sample can be obtained.

THz spectroscopy is being used in study to identify features in leaves such as
electromagnetic properties [8], water content [9, 10], chlorophyll [11] and nitrogen [12].
From research on terahertz vibrational modes of sodium magnesium chlorophyllin and
chlorophyll in plant leaves, it was found that chlorophyll a were observed at 1.45, 1.73,
and 1.86 THz[11]. From research on a nondestructive model for the detection of the
nitrogen content of tomato, it was found that THz spectroscopy can measure the nitrogen
content of tomato leaves (the peak showed at around 0.7 THz.) [12]. Although no research
has used THz spectroscopy to assess nitrogen in durian leaves, there is research that can
measure nitrogen in the leaves, and nitrogen is necessary for chlorophyll. This research
aimed to study the feasibility of estimating the nitrogen content in durian leaves using

Terahertz Time-Domain Spectroscopy.
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7.2 Materials and Methods

7.2.1 Durian leaf samples

From December 2018 to November 2020, fresh durian (Durio zibethinus Murray CV.
Monthong) leaves were collected in Rayong, Chanthaburi, and Trad in Thailand. Twenty
fresh leaves around one durian tree was collected to represent one sample (dark green
leaf was chosen) [13]. The fresh leaf samples were washed with 0.1 N HCl acid, rinsed 3
times with distilled water, dried for 48 hours at 70°C, crushed, and sieved through a 40
mesh (0.42 mm) that obtain a leaf powder. After that a 0.13 + 0.01¢ leaf powder was put
in a 1.40 cm diameter stainless block measurement (Figure 7.1a) and pressurized at 60
MPa measurement (Figure 7.1b) to obtain a tablet sample (Figure 7.1c) for THz

measurement. Total samples were 111 samples.

Figure 7.1 The stainless block (a), pressure machine (b) and sample (c)

for THz measurement.

7.2.2 Terahertz time-domain (THz-TD) measurement
The terahertz (THz) spectra were measured by a Tera Prospector (Nippo, Precision
Co., Ltd., Japan) with horizontally polarized beam, a bandwidth of 0.1-4.0 THz, an average
of 100 scans and the spectral resolution was 0.02 THz. The air was used as the reference

signals both before and after the sample measurement. The measurement was controlled
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relative humidity in THz optical system (Figure 7.2a) at 0.0-0.1% and controlled under

room conditions at 26°C. Before measuring, tablet samples were placed in an almost-

closed acrylic box 24 hrs to balance the ambient humidity. One sample was measured in

3 replicates and averaged. One time for THz measurement, it can put 5 samples on a

holder plate (Figure 7.2b).

The THZTDS program was processed to obtain the phase difference between the

reference and measured samples ((I), °) and the ratio of the amplitude in the frequency

domain of the measured samples to the reference (R). After that the (I) and R value were

transferred to absorption coefficient (Q) by Matlab from formula [14];

2 (n+1)?
od=--In[R
b an
dc
Nars +1
2TtvL

where n is refractive index value
c is the speed of light (3x10% m s)

v is the frequency (THz)

(7.1)

(7.2)

L is the thickness of the samples (the durian leaf tablet samples had a thickness

of 0.96 + 0.03 x 10> m)

Figure 7.2 The THz spectrometer (a) and samp

le holder plate (b).




146

7.2.3 Nitrogen analysis
TruMac CNS (Leco, USA) was used to determine the nitrogen (N) concentration
with 0.10 g leaf powder. Before measurement, the sample was dried at 70°C for 48 hours

to make sure that the sample was completely dried.

7.2.4 Model and performance

In this study, the samples were ordered in ascending order and speared 80:20 to
calibration set (89 samples) and prediction set (22 samples), which calibration data
covered prediction data. The spectrum was nontreatment and pretreatment before
modeling which included 1) raw spectra, 2) smoothing (SMT) spectra, and 3) smoothing +
standard normal variate (SMT+SNV) spectra. The calibration samples were used to create
the leave-one-out cross-validation model by the partial least squares (PLS) regression with
full wavelength (0.01-0.40 THz). The PLS regression is linear multivariate model by the
relationships between two data matrices [15], X (absorbance) and Y (nitrogen). It is finding
latent variables (LVs) which are linear combinations of the X and Y data that explain
maximizes the covariance between the X and Y data [16].

The models were validated to estimate model performance, and the following
indices were calculated: the coefficient of determination of the cross-validation set (R?),
the standard deviation of error of cross-validation (SECV), the coefficient of determination
of the prediction set (r?), the standard deviation of error of prediction (SEP), bias, and the

ratio of prediction to deviation (RPD), which were calculated by the following formulas:

A2
(y.-y.)
R?, 1% = 1Zy—y_2 (5.1)
Z(yi-w
X ((y s )-—Z (YVYA‘))Z
SECV, SEP = | ———2— (5.2)
n-1
Bims = 227 (5.3)
n
SD.
RPD = — (5.4)

SEP
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where 'y is the reference value
§/\i is the predicted value
y is the average of the reference value
n is the number of samples.

SD, is the standard deviation of the reference value of the prediction set.
Following the selection of the models, the r> and RPD values were used to assess the

model's performance [17].

7.3 Results

Figure 7.3 shows THz spectrum which nontreatment (Figure 7.3a) and pretreatment
by SMT (Figure 7.3b), and SMT+SNV (Figure 7.3c). When the relationship between
absorption coefficient () and N content was investigated, the correlation of raw, SMT,

and SMT+SNV spectra with N content was lower than 0.31 (Table 7.1).

Raw spectrum (a) SMT spectrum (b)

Frequency (THz) Frequency (THz)

SMT+SNV spectrum (0

o (em™
\\\\

Frequency (THz)

Figure 7.3 The raw (a), SMT (b), and SMT+SVN (c) spectrum.
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To develop a model for predicting N in durian leaves using Terahertz time-domain

spectroscopy (THZ-TDs) and PLS regression, the number of LVs (nLVs) varied from 1 to 20

to compare the best model. Table 7.2 shows the best result of model’s performance.

Table 7.1 The correlation between THz spectroscopy and N content.

Raw spectra

SMT spectra

SMT+SNV spectra

f (THz) cor f (THz)  cor f (THz)  cor
top 10 highest  3.16 0.31 2.72 0.27 2.72 0.26
2,72 0.29 2.82 0.27 2.70 0.25
3.09 0.28 2.75 0.27 2.75 0.25
2.82 0.28 2.79 0.27 2.68 0.25
2.68 0.27 2.70 0.27 2.79 0.25
3.18 0.27 2.68 0.27 2.82 0.24
2.75 0.27 2.77 0.27 207 0.24
eyl 0.27 2.66 0.26 2.66 0.24
2.59 0.27 2.84 0.26 2.63 0.24
2.63 0.26 3.48 0.26 2.61 0.23
From research  0.71 0.16 0.71 0.16 0.71 -0.06
[11, 12] 1.45 0.18 1.45 0.17 1.45 -0.09
1.73 0.19 1.73 0.19 1.73 -0.05
1.86 0.17 1.86 0.18 1.86 -0.07

*SMT, smoothing; SNV, Vector Normalization; f, frequency (THz); cor, correlation.

The PLS model with raw spectrum was obtained R? = 0.146, SECV = 0.31, r* = 0.146,

SEP = 0.34, RPD = 1.08 and bias = -0.0165. The model with the SMT spectrum was obtained

R? = 0.415, SECV = 0.29, r* = 0.043, SEP = 0.35, RPD = 1.03 and bias = 0.0456. The model

with the SMT+SNV spectrum obtained R? = 0.282, SECV = 0.32, r? = -0.238, SEP = 0.40, RPD

= 0.90 and bias = 0.0286. The all models were poor due to r% Figure 7.4 shows scatter

plots of reference and predicted of N concentration from model which the model using
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raw spectrum (Figure 7.4a), SMT spectrum (Figure 7.4b) and SMT+SNV spectrum (Figure

7.4¢c).

Table 7.2 The THz model prediction results for nitrogen concentrations in durian leaf.

Pre Calibration set Prediction set

treatment nLVs  R? SECV  r? SEP RPD Bias

Raw 3 0.366 0.31 0.146  0.33 1.08 -0.0165
SMT 7 0.415 0.29 0.043  0.35 1.03 0.0456
SMT+SNV 3 0.282 0.32 -0.238 0.40 0.90 0.0286

* nLVs, number of latent variables (PLS factors); R%, coefficient of determination of calibration set; SECV, standard error
of cross validation; r?, coefficient of determination of prediction set; SEP, standard error of prediction; RPD, ratio of

prediction to deviation; SMT, smoothing; SMT+SNV, smoothing+vector normalization.

i A Calibration set A j A Calibration set A
V. % Prediction set 4 X Prediction set n
S L:mear (Calillsra.tion set) P Linear (Calit_n‘a_tion set)
‘E’ -Linear (Prediction set) \ e == Linear (Prediction sef)
2 8
E 3 e y
= =
= =
: =, :
=) X )
o -
z, Z,
8 20 E 2.1
X 4
= La =
s A = A
& &
= =
1 T T 1 1 T T
1 3 3 4 2 3 4
Predicted N concentration (%) (@) Predicted N concentration (%) (b)

A Calibration set A
X Prediction set

Linear (Calibration sef)
Linear (Prediction set) g

Measured N concentration (%)

3 4

Predicted N concentration (%)

(@]

Figure 7.4 Scatter plots of measured value and predicted value to predict N content

with raw (a), SMT (b), and SMT+SVN (c) spectrum.
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7.4 Discussion
The pretreatment could not improve the relationship of THz absorption coefficient

() and N content of durian leaf. The correlation between THz spectroscopy and N
content of durian leaves at 0.71, 1.45, 1.73 and 1.86 THz was small which was not as high
as in other leaves. The model’s performance for N content evaluation in durian leaf by
PLS models had low accuracy (r*<0.66 and RPD<2.00). This technique was not related to
the N content of durian leaves.

The comparison between NIR spectroscopy and THz spectroscopy for evaluating N
content in dried ground durian leaf pellets revealed that NIR spectroscopy is more suitable
for predicting N content compared to THz spectroscopy. This is because the correlation
between the NIR spectrum and N concentration (the highest = 0.82) in dried ground leaf

pellets is higher than that of the THz spectrum (the highest = 0.31).

7.5 Conclusion

This work describes the application of Terahertz time-domain (THz-TD)
measurement to evaluate the concentrations of N in durian (Durio zibethinus Murray CV.
Monthong) leaves. However, THz spectroscopy was unable to detect the N content of
durian leaves, as no relationship was found. Consequently, the PLS models were unable

to estimate the N content of durian leaves.

7.6 Reference

[1] Wang, Y., Wang, D., Shi, P., and Omasa, K. "Estimating rice chlorophyll content and
leaf nitrogen concentration with a digital still color camera under natural light" Plant
Methods, vol. 36. 2014. https://doi.org/10.1186/1746-4811-10-36.

[2] Zhao, D., Reddy, K. R., Kakani, V. G., and Reddy, V. R. "Nitrogen deficiency effects on

plant growth, leaf photosynthesis, and hyperspectral reflectance properties of



151

sorchum"  European Journal of Agronomy, vol. 22. 2005.  pp.391-403.
https://doi.org/10.1016/j.eja.2004.06.005.

Wagner, F. M., Melnikas, S., Cramer, J., Damry, D. A,, Xia, C. Q., Peng, K., Jakob, G., Klaui,
M., Kicas, S., and Johnston, M. B. "Optimised Spintronic Emitters of Terahertz Radiation
for Time-Domain Spectroscopy” Journal of Infrared, Millimeter, and Terahertz
Waves, vol. 44. 2023. pp.52-65. https://doi.org/10.1007/510762-022-00897-9.

Sousa, C. and Lopes, J. A, "Introduction and New Trends," vol. 80, Comprehensive
Analytical Chemistry, 2018, pp. 1-13.

Reyes-Reyes, E. S., Carriles-Jaimes, R., and Castro-Camus, E.  "Algorithm for
Determination of Cutoff Frequency of Noise Floor Level for Terahertz Time-Domain
Signals" Journal of Infrared, Millimeter, and Terahertz Waves, vol. 43. 2022.
pp.847-856. https://doi.org/10.1007/s10762-022-00886-y.

Afsah-Hejri, L., Hajeb, P., Ara, P., and Ehsani, R. J. "A Comprehensive Review on Food
Applications of Terahertz Spectroscopy and Imaging” Compr Rev Food Sci Food Saf,
vol. 18. 2019. pp.1563-1621. https://doi.org/10.1111/1541-4337.12490.

Latha, A. M., Unnikrishnakurup, S., Jain, A., Pathra, M. K., and Balasubramaniam, K.
"Material Characterization and Thickness Measurement of Iron Particle Reinforced
Polyurethane Multi-layer Coating for Aircraft Stealth Applications Using THz-Time
Domain Spectroscopy" Journal of Infrared, Millimeter, and Terahertz Waves, vol.
43. 2022. pp.582-597. https://doi.org/10.1007/510762-022-00874-2.

Zahid, A., Abbas, H. T., Heidari, H., Imran, M., Alomainy, A, and Abbasi, Q. H.
"Electromagnetic Properties of Plant Leaves at Terahertz Frequencies for Health
Status Monitoring," presented at the 2019 IEEE MTT-S International Microwave
Biomedical Conference (IMBioC), Nanjing, China, 2019.

Shchepetilnikov, A. V., Zarezin, A. M., Muravev, V. M., Gusikhin, P. A., and Kukushkin, I.

V. "Quantitative analysis of water content and distribution in plants using terahertz



152

imaging" Optical Engineering, vol. 59. 2020.
https://doi.org/10.1117/1.0E.59.6.061617.

[10] Hadjiloucas, S., Karatzas, L. S., and Bowen, J. W. "Measurements of leaf water content
using terahertz radiation" IEEE Transactions on Microwave Theory and Techniques,
vol. 47. 1999. pp.142-149. https://doi.org/10.1109/22.744288.

[11] Coquillat, D., O’Connor, E., Brouillet, E. V., Meriguet, Y., Bray, C., Nelson, D. J., Faulds,
K., Torres, J., and Dyakonova, N. “Terahertz Vibrational Modes of Sodium Magnesium
Chlorophyllin and Chlorophyll in Plant Leaves" Journal of Infrared, Millimeter, and
Terahertz Waves, vol. 44. 2023. pp.245-264. https://doi.org/10.1007/s10762-023-
00905-6.

[12] Zhang, X., Duan, C., Wang, Y., Gao, H., Hu, L., and Wang, X. "Research on a
nondestructive model for the detection of the nitrogen content of tomato" Front
Plant Sci, vol. 13. 2022. pp.1093671. https://doi.org/10.3389/fpls.2022.1093671.

[13] Department of Agriculture. "Nutrient Management and Fertilizing Durian” [Online].
Available: https:.//www.doa.go.th/share/attachment.php?aid=2975. 2002.

[14] Wang, H., Kataoka, H., Tsuchikawa, S., and Inagaki, T. "Terahertz time-domain
spectroscopy as a novel tool for crystallographic analysis in cellulose: cellulose | to
cellulose II, tracing the structural changes under chemical treatment" Cellulose, vol.
29.2022. pp.3143-3151. https://doi.org/10.1007/510570-022-04493-x.

[15] Wold, S., Sjostrom, M., and Eriksson, L. "PLS-regression: a basic tool of chemometrics"
Chemometrics and Intelligent Laboratory Systems, vol. 58. 2001. pp.109-130.

[16] Abdi, H., Williams, L. J., and Valentin, D. "Partial least squares regression and projection
on latent structure regression (PLS  Regression)”  [Online]. Available:
https://www.utdallas.edu/~herve/abdi-wireCS-PLS2010.pdf. 2010.

[17] Williams, P. and Norris, K. Near-Infrared Technology: In the Agricultural and Food

Industries. American Association of Cereal Chemists. 1987.



Chapter 8

Conclusion and recommendations

8.1 Conclusion

In summary, this study aimed to address 5 objectives. The following conclusion

discussed the findings from these objectives.

1)

Based on the findings of this thesis, the results confirm the feasibility of
applying near infrared (NIR) technique using artificial neural network (ANN)
algorithm to classify the nutrient levels (low, appropriate, high) for nitrogen
(N), phosphorus (P), and potassium (K) in durian (CV. Monthong) leaf,
including fresh leaf and dried ground leaves.

The imbalanced data can adversely affect the classification model's
accuracy by decreasing the accuracy for minority class samples where only
small number of misclassify in minority class caused high percentage in
classifying error. To address this issue and achieve more balanced data, the
synthetic minority oversampling technique (SMOTE) was proved to improve
the model's performance.

The developed regression model using partial least squares (PLS) analysis
is suitable for evaluating the nitrogen (N), and potassium (K) content in
durian leaf. The results indicate that the model for N and K concentration
was acceptable, and the predictions were considered good. Although NIR
cannot directly measure N and K in leaves, it has been found that the
wavelength of protein plays a crucial role in predicting the N and K content
in durian leaves. K aids in the synthesis of proteins, while N is a component

of proteins. However, the model for P content did not yield successful
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results due to the limited range of P content and low correlation between
NIR spectra and P content in durian leaf.

4) The spectral feature wavelength selection techniques can aid in
determining the most significant wavelengths for modeling. As a result,
though less prediction time consumed, the model's performance did not
significantly differ from the model using the full or short wavelengths.

5) The terahertz technique was not accurately determining N content in
durian dried ground leaves pellets, as there was no significant correlation
between the terahertz spectrum and N content. Therefore, for estimating
N in durian dried ground leaves, NIR measurement is still more suitable.

This research was successful in the rapid measurement of N, P, and K concentration
levels (insufficient, appropriate, and oversufficient) in durian (CV. Monthong) leaf using an
FT-NIR spectrometer. The model can accurately classify the nutrient levels in fresh durian
leaves. This enables farmers to save time when screening the nutrient levels in durian
leaves and allows them to promptly adjust and optimize fertilizer usage, reducing costs
in durian cultivation. If the result of N, P, and K estimation by NIR is insufficient, farmers
may need to supply 25-30% more amount of normal fertilizer. If the result is appropriate,
fertilizer can be applied as normal practice. If the result is oversufficient, the fertilizer does

not need to be applied.

8.2 Recommendations

Since the R%,,, for P and K analysis using ICP-OES analyzer were not high, which
could affect the model's performance. To increase the R%.,, it is advised that the
nutritional analysis methods should be changed. For instance, P content can be analyzed

using the Macro method (AOAC 933.01-1933), and K can be analyzed using the Gravimetric
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method (AOAC 925.01-1925), etc. These alternative methods help to improve the accuracy
and reliability of the model performance.

The improvement of the K content level evaluation model should include more
samples with high K concentration because currently there is a lack of data on high K
content for the classification model that covers the full concentration range of K.
Therefore, treatment involving foliar fertilizer to prepare samples with high concentrations
is necessary. This will allow for an improvement in the model’s performance.

To improve the performance of the P content evaluation model, the range of
sample content should be expanded widely by foliar fertilizer. The available P data is
currently very limited and covers a narrow range, which affects the model's performance

negatively.

Additionally, exploring the creation of a non-linear modeling could enhance the
model's performance. Therefor the non-line modeling should be applied to quantitatively
determination of N, P and K content in durian leaves. Similarly, increasing the number of
N and K samples would also make the model more robust by covering a wider range and
variation of data.

Lastly, based on the findings of this research, which indicated the protein mostly
affect to N and K content prediction. The protein content in durian leaves is recommended
to be measured for assessment the correlation between N or K and protein in order to

support that NIR models can predict N and K content in leaf via protein content.
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