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Abstract

A good durian fruit should be supported by sufficient nutrient concentrations. If farmers can quickly determine the nutrient
concentration in leaves, they can control fertilisation. Near-infrared (NIR) spectroscopy is a rapid non-destructive test for estimating
nutrient concentration. Measuring nutrient concentrations requires chemical analysis and is a time-consuming process. The aim of this
paper is a preliminary test for classifying the N, P, and K concentration levels to determine the possibility of creating models in the
future to help farmers obtain information on durian tree nutrient requirements quickly. The models reported in this paper were created
by PLS-DA, which had higher accuracy than SVM and the SIMCA method. Fresh durian leaf samples were used, and the spectra
provided greater accuracy than the dried ground leaf sample spectra. The classification models had an accuracy of 88.89, 81.25, and
86.36% for predicting N, P, and K, respectively.
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1. Introduction

In plants, leaves are the main component that produce food by photosynthesis [1]. The macronutrients comprise nitrogen (N),
phosphorus (P), potassium (K), calcium (Ca), magnesium (Mg), and sulphur (S) [2]. N is a major factor in photosynthesis [3] and
comprises the chlorophyll in leaves [4]. P is important for controlling plant growth [5], and K plays an important role in many
physiological functions for plant growth [6]. These nutrients are essential for the growth and productivity of plants. If a durian tree
lacks a nutrient (N, P, and K) in each growth stage, there will be an impact on the product. In durian planting, a tree will need more
nutrients at different stages. To start planting one to five years before fruit production, a tree needs more N [7] because N supports
plant health, growth, and photosynthesis [8]. After plant flowering, it needs more P and K [7] because P helps produce many flowers
and K helps strengthen the flowers [9]. In fruit setting and fruiting, the tree needs more K [7] because K enhances the quality of young
fruit [9]. After harvesting, the tree again needs more N [7] to prepare for the next season.

In the near-infrared (NIR) spectroscopy field, research has been done on leaves to predict nutrients. Galvez-Sola et al. [10] reported
using NIR spectroscopy for predicting N in dried citrus leaves, obtaining an R value of 0.99. Menesatti et al. [11] used NIR spectroscopy
to predict N and K in fresh orange leaves, reporting R values of 0.909 and 0.991, respectively. Yarce and Rojas [12] used NIR
spectroscopy to predict P and K in dried sugarcane leaves, obtaining R values of 0.988 and 0.979, respectively. Chen et al. [13] used
NIR spectroscopy to predict P in fresh sugarcane leaves (R=0.68).

This research focuses on the preliminary study of using NIR spectroscopy with durian leaves to classify nutrient levels. In the
traditional method for N, P, and K nutrient analysis, ICP-OES and TruMac CNS analyses can be used; however, these methods require
approximately one week to obtain the data, as after a sample of the dried ground leaf is obtained, the sample needs to be digested in
liquid nitrogen before being analysed by ICP-OE. If farmers can estimate the nutrient content in leaves at each growth stage, they can
save time and control fertilising to reduce costs, increase profits, obtain quality fruit, and protect the environment. As a result, Thailand
can reduce the import of fertilisers and increase exports.

2. Materials and methods
2.1 Samples

The fresh leaves of durian (Durio zibethinus Murray CV. Mon Thong [14]) were collected from Rayong, Chanthaburi, and Trad in
Thailand. The samples were fresh leaves and dried ground leaves. For dried ground leaves, one sample of 20 fresh leaves was collected
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from one durian tree. After collecting fresh leaf samples, the samples were washed with 0.1 N HCI acid and rinsed three 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
[15]. Samples were obtained over one year (December 2019 to November 2020) to capture the various levels of nutrients at different
durian tree growth stages. In nitrogen (N) classification, a total of 36 samples were used (3 concentration and 12 samples from each
concentration). For phosphorous (P) classification, 48 samples were used (3 concentrations and 16 samples for each concentration).
Potassium (K) classification used 66 samples (2 concentrations and 33 samples for each concentration).

2.2 NIR Scanning

The fresh leaves on the tree sample were scanned (one average spectrum contained 20 fresh leaves. The sampled fresh leaves were
old, dark green, and in the 2" to 3™ leaf position from the tip of the branch. Each leaf was scanned in two positions (proximal and
distal side) by a Micro-NIR spectrometer (Viavi, USA) in the wavelength range of 950-1,600 nm with reflectance mode, and while
scanning, an aluminium plate for reflectance was placed under the leaf sample. After that, those samples were transported to the
laboratory and scanned in the same way as on the durian trees by a Micro-NIR spectrometer and FT (Fourier transformed)-NIR
spectrometer (Bruker Ltd., Germany) at a wavelength of 12,500-4,000 cm (800-2,500 nm). The dried ground leaf sample was scanned
using Micro-NIR and FT-NIR spectrometers with a quartz cup (4.3 cm diameter, 7.0 cm in height) [15].

2.3 Sample analysis

The dried ground leaf samples were analysed by TruMac CNS (Leco, USA) for nitrogen (N) and ICP-OES (Perkin Elmer, USA)
for phosphorus (P) and potassium (K).

2.4 NIR Classification model and performance

Figure 1 showed schematic diagram of modeling process. The NIR classification model for predicting sufficient macronutrients
was created by soft independent modelling by class analogy (SIMCA), support vector machine (SVM), and partial least squares-
discriminant analysis (PLS-DA). SIMCA modelling requires a PCA model for each class to distinguish between members and non-
members of the different classes [16]. SVM can be separated or classified using a separating hyperplane. The hyperplane was calculated
using the following formula [17]:

y=wlx+b (1)

where w is support vector; b is constant

Fresh leaf sample on durian tree

Scan sample with Micro-NIR
(20 leaves from 1 tree for 1 sample)

Bring sample to laboratory

Fresh leaf sample in laboratory Scan sample with Micro-NIR
(20 leaves from 1 tree for 1 sample) and FT-NIR spectrometers
Mashed sample
Dried ground leaf sample Scan sample with Micro-NIR
in laboratory and FT-NIR spectrometers

TruMac CNS for nitrogen and

Nutrientanalysis ICP-OES for phosphorus and potasium

Make classification models

Calculate classification accuracy

Figure 1 Schematic diagram of leaf sample analysis for plant nutrition in the field by Micro-NIR and in the laboratory by both Micro-
NIR and FT-NIR spectrometers. Dried ground samples were analyzed by Micro-NIR and FT-NIR spectrometers and by traditional
methods by TruMac CNS for nitrogen and ICP-OES for phosphorus and potassium. The classification model was made and the model
accuracy was calculated.

PLS-DA is a classification method based on modelling the differences between several classes with PLS. The PLS model uses one
response variable, which codes for class membership as follows: -1 for members of one class, +1 for members of the other one.
The PLS model equation can be seen below [16]:

X=TPT + E 2)
y=Tq+f 3)

where T is matrix of latent variables; P is X-loading
q is y-loading; E, f are constants
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The software used for spectral and modelling analysis was OPUS v. 7.0.129 (Bruker Ltd., Germany) and The Unscrambler X 10.4
(Camo, Norway).

The accuracy of prediction models that were created with different methods was compared. The accuracy was calculated using the
following formula [18]:

A ©%) = Number of sample classified correctly % 100 4
ceuracy L7e) = Total number of sample @

3. Results

Table 1 shows the nutrient concentrations in leaves at sufficient levels for the growth of durian trees. The leaf samples at the 2™ to
34 |eaf position of the lateral shoot tip were collected. Sufficient concentrations of N, P, and K in the leaves of durian trees should have
an approximate value of 2.00-2.30, 0.15-0.25, and 1.70-2.50%, respectively [19]. Thus, the nutrient concentration levels were divided
into three levels: less than sufficient, sufficient, and more than sufficient, but for our samples, the K concentration had two levels
because the soil in the eastern part of Thailand was highly acidic, the texture was coarse, and there was heavy rain, which caused the
loss of potassium [20].

Table 1 Nutrient concentrations in leaves for the growth of durian trees [19].

Nutrient Nutrient concentration (%)
Less than sufficient Sufficient More than sufficient
N <2.00 2.00-2.30 >2.30
P <0.15 0.15-0.25 >0.25
K <1.70 1.70-2.50 -

The model created by PLS-DA had a higher accuracy than those models created by SVM and SIMCA (data not shown). Table 2
shows the accuracy of the nutrient concentration classification models by PLS-DA using Unscrambler X 10.4 software. All models
used raw spectra and full wavelengths except the fresh leaves on the tree spectra; the wavelengths were cut at 908.1-1, 124.9 nm
because the wavelengths were abnormal due to unstable temperatures and light while scanning. For N, the model made from the dried
ground leaf sample scanned with a Micro-NIR spectrometer had an accuracy of 86.11%, and the model made from the fresh leaf sample
scanned with an FT-NIR spectrometer had an accuracy of 83.33%. For P, the model scanned using an FT-NIR spectrometer had an
accuracy of 64.58% for the dried ground leaf samples and 62.50% for the fresh leaves. For K, the model made from the dried ground
leaf sample scanned using a Micro-NIR spectrometer had an accuracy of 80.03%, and the model scanned with an FT-NIR spectrometer
had an accuracy of 84.85% for both fresh leaves and dried ground leaf samples.

Table 3 shows the performance of the classification models in predicting nutrient concentrations using OPUS v. 7.0.129 software.
The models used pre-treated and selected wavelengths. The models that used the fresh leaf samples had higher accuracy than those of
the dried ground leaf samples. The accuracy of the models obtained from the fresh leaf sample was 84.85, 81.25, and 86.36% for
classifying N, P, and K, respectively.

Table 2 Performance of the classification models in predicting nutrient concentrations using Unscrambler X 10.4 software.

Nutrient Sample Spectrometer Wavelength (nm) Rank Accuracy (%)
N fresh leaves on tree Micro-NIR 1124.9-1676.2 7 50.00
fresh leaves in laborato Micro-NIR 908.1-1676.2 7 63.83
Y FT-NIR 800.7-2782.4 7 83.33
dried ground leaves in laborator Micro-NIR 908.1-1676.2 ! 86.11
9 y FT-NIR 800.7-2782.4 7 61.11
P fresh leaves on tree Micro-NIR 1124.9-1676.2 7 35.42
fresh leaves in laborato Micro-NIR 908.1-1676.2 7 52.08
Y FT-NIR 800.7-2782.4 7 62.50
. . Micro-NIR 908.1-1676.2 7 41.67
dried ground leaves in laboratory FT-NIR 800.7-2782.4 7 6458
K fresh leaves on tree Micro-NIR 1124.9-1676.2 7 51.51
fresh leaves in laborato Micro-NIR 908.1-1676.2 7 74.24
Y FT-NIR 800.7-2782.4 7 80.03
- . Micro-NIR 908.1-1676.2 7 84.85
dried ground leaves in laboratory FT-NIR 800.7-2782.4 7 84.85
Table 3 Performance of the classification models in predicting nutrient concentrations using OPUS v. 7.0.129 software.
Nutrient Sample Wavenumber Wavelength Pre-Treatment Rank Accuracy
cm?) (nm) (%)
N fresh leaves in laborator 9403.8-6094.3 1063-1641 first derivative + 7 88.89
Y 5454.0-4597.7 1834-2175 straight-line subtraction )
dried ground leaves in laboratory ~ 9403.8-7498.3  1063-1334 first derivative - 3 80.56
straight-line subtraction
P fresh leaves in laborator 9403.8-7498.3 1063-1334 first derivative + 7 81.25
Y 6102.0-5446.3 1639-1836 straight-line subtraction )
dried ground leaves in laboratory 9403.8-4242.9 1063-2357 MSC 1 58.33
K - 7506.0-6094.3 1332-1641
fresh leaves in laboratory 5454 0-4242 9 1834-2357 raw spectra 4 86.36
dried ground leaves in laboratory 6102.0-5446.3 1639-1836 min-max normalisation 6 86.33

4605.4-4242.9 2171-2357




130 Engineering and Applied Science Research 2022;49(1)

The PLS-DA model created from fresh leaf samples had a higher R? value, thus achieving a higher accuracy of classification than
the model created from dried ground leaves. The fresh leaf model for classification of N and K selected a peak of water (1450 and
1940 nm) to create the model, indicating that the moisture content in the leaf influenced model prediction, but the dried ground leaf
contained too little moisture.

The classification made with pre-treatment and selected wavelength had an accuracy higher than the model made with raw spectra
and full wavelengths. The best models for predicting nutrient concentrations were focused. The best models for predicting N, P, and K
concentrations were obtained using the fresh leaf samples with pre-treatment and selected wavelengths. The model of N used a
wavelength of 1,063-1,641 and 1,834-2,175 nm and was pre-treated by first derivative + straight-line subtraction. The model of P used
a wavelength of 1,063-1,334 and 1,639-1,836 nm and was pre-treated by first derivative + straight-line subtraction. The model of K
used wavelengths of 1,332-1,641 and 1,834-2,357 nm and used no pre-treatment.

Figure 2 shows the raw spectrum of durian leaves and the X-loading weight plot of the classification model for predicting nutrient
(N, P, and K) concentrations (Figure 3). The regression coefficient plot of the classification model for predicting nutrient (N, P, and
K) concentrations is represented in Figure 4. Table 4 shows the absorption bands with high regression coefficients of the classification
model in predicting nutrient concentrations. The regression coefficient of N had high bands at 1,403, 1,876, 1,994, and 2,035 nm. The
wave band at 1,395 nm was related to CH2 [21], 1,900 and 2,000 nm was related to starch, and 2,050 nm was related to protein [19].
For P, high bands were at 1,064, 1,088, 1,098, and 1,147 nm. The wave band at 1,053 hm was related to CH2[21], 1,080 nm was related
to benzene [21], and 1,152 nm was related to CH3 [21]. For K, the high bands were at 1,754, 1,773, and 1,800 nm. The wave band at
1,765 nm was related to CH2[21] and 1,780 and 1,820 nm were related to cellulose [21].

Rotbart et al. [22] estimated the olive leaf nitrogen concentration using visible and NIR spectral reflectance and found that NIR
could be applied to classify N concentrations in olive leaves using a Luminar-5030 spectrometer (1100-2500 nm) and reported an
accuracy of 83%. That research suggested a model with dried ground leaf samples and a spectral range of 1,100-1,700 nm, which was
different from this study. In this research, the model from fresh leaves was more accurate than that for dried ground leaves. The fresh
leaf model for the classification of N selected a peak of water (1450 and 1940 nm) to create the model, indicating that the moisture
content in the leaf influenced model prediction.

However, to the best of our knowledge, the classification of P and K concentration levels has not been reported.
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Figure 2 Raw spectrum of durian leaves
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Figure 4 Regression coefficient plot of the classification model for predicting nutrient (N, P, and K) concentrations

Table 4 Absorption bands with high regression coefficients of the classification model for predicting nutrient concentrations [21]

Nutrient Wavelength Wavelength (nm) referred form Bond vibration Structure

(nm) reference

N 1,403 1,395 2 X C-H str. + C-H def. CH>
1,876 1,900 O-H str. + 2 x C-H str. starch
1,994 2,000 2 X C-H def. + C-O def. starch
2,035 2,050 N-H asym. Str. + amide Il protein

P 1,064 1,053 2 x C-H str. + 2 x C-H def. + (CH2)n CHz
1,088 1,080 2 X C-H str. + 2 x C-C str. benzene
1,098 1,080 2 X C-H str. + 2 x C-C str. benzene
1,147 1,152 C-H str. second overtone CHs

K 1,754 1,765 C-H str. first overtone CH2
1,773 1,780 O-H str. + 2 x C-O str. cellulose
1,800 1,820 O-H str. + 2 x C-H str. cellulose

4. Discussion

This paper is a report of a preliminary test on the classification of N, P, and K concentrations using NIR spectroscopy. The model
made by PLS-DA had higher accuracy than those of other modelling methods. The PLS method reduced the number of variables,
which also reduced the variance or the risk of overfitting [23].

For the models created by PLS-DA using OPUS software, the model selected a wavelength that was more accurate than the model
using all wavelengths. Because the model should be created by a wavelength correlated with the predicted value, removing some
wavelengths reduced noise [24]. To remove other interfering variables [25], spectral pre-treatment also improved the model’s accuracy.
The first derivative and straight-line subtraction methods reduced the problem of baseline shift [26].

The important structures correlated with the model of predicting levels of N was CHz, starch, and protein. For P, CHz, CHs, and
benzene were the structures correlated with the model. For K, the important structures were CHz and cellulose.

CHzis a component of chlorophyll [27] and glucose [28]. Starch, a carbohydrate, and protein are components of the cell wall. The
cell wall was made up of about 90% carbohydrates and 10% protein [28]. Cellulose is also a component of the cell wall [28]. In plants,
chlorophyll is used in photosynthesis to produce carbohydrates. CHs is one of the chemical bonds of chlorophyll [27]. Benzene
comprised coumarins found in durian leaves [29].

This research demonstrated that it is possible to apply NIR spectroscopy to classify the concentrations of N, P, and K in durian
leaves. However, additional samples should be collected to ensure that the model covers more characteristic variation.

5. Conclusions

According to this research, the best model was created by PLS-DA using fresh leaf samples and selected wavelengths. The
classification model for predicting nutrient concentrations had an accuracy of 88.89, 81.25, and 86.36% for predicting N, P, and K,
respectively. This shows the possibility for the development of classifying models. In the future, additional samples should be collected
so that the model covers all concentrations. This model will enable farmers to predict nutrient concentrations in durian leaves and
adjust fertilising according to each growth stage.

6. Acknowledgements

The authors would like to thank the Near Infrared Spectroscopy Research Centre for Agricultural Product and Food
(www. nirsresearch.com, Department of Agricultural Engineering, School of Engineering, King Mongkut's Institute of Technology
Ladkrabang, Bangkok, Thailand, for instruments, and the Faculty of Agricultural Technology, King Mongkut’s Institute of Technology
Ladkrabang. Bangkok, Thailand, for samples.

Funding: This study was supported by the Royal Golden Jubilee Ph.D. Program of National Research Council of Thailand (NRCT)
[grant numbers NRCT5-RGJ63021].



132

Engineering and Applied Science Research 2022;49(1)

7. References

[1]
[2]
(3]
(4]
(5]
(6]

[7]
(8]

(9]

[10]
[11]
[12]
[13]
[14]

[15]

[16]
[17]
(18]

[19]
[20]

[21]
[22]
[23]

[24]
[25]

[26]
[27]

[28]
[29]

Wareing PE, Phillips IDG. The control of growth and differentiation in plants. Oxford: Pergamon Press Ltd; 1970.

Maathuis FIM. Plant mineral nutrients: methods and protocols. New York: Humana Press; 2013.

Bassi D, Menossi M, Mattiello L. Nitrogen supply influences photosynthesis establishment along the sugarcane leaf. Sci Rep.
2018;8(1):1-13.

Buchholz D. Nitrogen in the Plant [Internet]. 2018 [cited 2021 Feb 10]. Available from: https://extension.missouri.edu/
publications/wqg259.

Crous KY, Wujeska-Klause A, Jiang M, Medlyn BE, Ellsworth DS. Nitrogen and phosphorus retranslocation of leaves and
stemwood in a mature eucalyptus forest exposed to 5 years of elevated CO2. Front Plant Sci. 2019;10:1-13.

Larbi A, Kchaou H, Gaaliche B, Gargouri K, Boulal H, Morales F. Supplementary potassium and calcium improves salt tolerance
in olive plants. Sci Hortic. 2020;260:108912.

Chonwatana P. Durian. Bangkok: Kasetsart University; 1987. (In Thai)

Howard K. What Does Nitrogen Do for Plants? [Internet]. 2018 [cited 2021 Feb 10]. Available from: https://www.hunker.com/
12149480/what-does-nitrogen-do-for-plants.

Chung F. Durian: Crop production cycle and orchard management practices [Internet]. 2018 [cited 2021 Feb 10]. Available from:
http://durianinfo.blogspot.com/p/durian-crop-production-cycle.html.

Galvez-Sola L, Garcia-Sanchez F, Perez-Perez JG, Gimeno V, Navarro JM, Moral R, et al. Rapid estimation of nutritional
elements on citrus leaves by near infrared reflectance spectroscopy. Front Plant Sci. 2015;6:1-8.

Menesatti P, Antonucci F, Pallottino F, Roccuzzo G, Allegra M, Stagno F, et al. Estimation of plant nutritional status by Vis-
NIR spectrophotometric analysis on orange leaves [Citrus sinensis (L) Osbeck cv Tarocco]. Biosyst Eng. 2010;105(4):448-54.
Yarce CJ, Rojas G. Near infrared spectroscopy for the analysis of macro and micronutrients in sugarcane leaves. Zuckerindustrie
Sugar Ind. 2012;137(62):707.

Chen M, Glaz B, Gilbert RA, Daroub SH, Barton FE, Wan Y. Near infrared reflectance spectroscopy analysis of phosphorus in
sugarcane leaves. Agron J. 2002;94(6):1324-31.

Ketsa S. Durian-Durio zibethinus. In: Rodrigues S, ds Silva EO, de Brito ES, editors. Exotic Fruits. London: Andre Gerhard
Wolff; 2018. p. 169-80.

Phanomsophon T, Jaisue N, Tawinteung N, Khurnpoon L, Sirisomboon P. Overall precision test for determination the nutrient
in durian leaf in durian orchard using near-infrared spectroscopy. 7th Asian NIR Symposium Conference; 2020 Feb 12-15; Khon
Kaen, Thailand; 2020. Khon Kaen: Asian NIR Consortium; 2020.

Aspentech. The Unscrambler [Internet]. 2018 [cited 2021 April 18]. Available from: https://www.camo.com/helpdocs/
The_Unscrambler_Method_References.pdf.

Manel MR, Christos C. Support vector machines for antenna array processing and electromagnetics. USA: Morgan & Claypool;
2006.

Zhoua J, Zhoua J, Ye H, Alic ML, Nguyenb HT, Chenc P. Classification of soybean leaf wilting due to drought stress using
UAV-based imagery. Comput Electron Agr. 2020;175(5):105576.

Supinrach S. Nutrient management and durian fertilization. Bangkok: Kasetsart University; 2002. (In Thai)

Onthong J. Pechkeo S, Gimsanguan S, Male N. Effect of lime, gypsum and potassium chloride on growth and nutrient uptake of
longkong seedling. Songklanakarin J Soc Sci Humanit. 2007;29(3):656-67. (In Thai)

Osborne BG, Fearn T, Hindle PT. Practical NIR spectroscopy: with applications in food and beverage analysis. London: Longman
Group; 1993.

Rotbart N, ev Schmilovitch Z, Cohen Y, Alcahantis V, Erel R, Ignat T, et al. Estimating olive leaf nitrogen concentration using
VIS-NIR spectral reflectance. Biosyst Eng. 2013;114(4):426-34.

Al-Abbas A, Barr R, Hall J, Crane F, Baumgardner M. Spectra of normal and nutrient-deficient maize leaves. Agron J
1974;66(1):16-20.

Conzen JP. Multivariate calibration. Berlin: Bruker Ltd; 2006.

Tobias RD. An introduction to partial least squares regression. Proceedings of the Twentieth Annual SAS Users Group
International Conference; 1995 Apr 2-5; Orlando, USA. Cary: SAS Institute Inc; 1995.

Hadoux X, Gorretta N, Roger JC, Bendoula R, Rabatel G. Comparison of the efficacy of spectral pre-treatments for wheat and
weed discrimination in outdoor conditions. Comput Electron Agr. 2014;108;242-9.

Kurdziela BM, Latowskia D, Strzatkaa K. The chlorophyll C family. Adv Bot Res. 2019;90;91-119.

Heldt HW, Piechulla B. Plant biochemistry. California: Elsevier Inc; 2011.

Salarat V. Extraction, phytochemical screening, anti-oxidant and anti-bacteria from Annona muricata [Internet]. Thailand:
Burapha University; 2016 [cited 2021 Feb 10]. Available from: http://digital_collect.lib.buu.ac.th/dcms/files/57920933.pdf.
(In Thai)



