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Abstract

The integration of Near-Infrared spectroscopy (NIRs) as a predictive tool for rapidly assessing the gross calorific value (GCV) of dried
shredded sugarcane addresses a significant bottleneck in sugarcane breeding programs. A total of 110 samples were collected, and a
lab-type Fourier Transform near infrared (FT-NIR) spectrometer operating across a wavenumber range of 12,800 to 3,600 cm™ was
utilized for spectral acquisition. This study explored various variable selection algorithms with partial least squares (PLS) regression
for model development. Variable selection methods included variable importance in projection (VIP), successive projections algorithm
(SPA), genetic method (GA), and correlation (r). The r-PLS algorithm along with standard normal variate and first derivative (SNV +
DY) pre-treatment yielded a highly effective model exhibiting a coefficient of determination in prediction (R%) of 0.88 and the root
mean square error of prediction (RMSEp) of 278.0 J/g. This study showed that the NIRs could provide a reliable method for rapid,
fairly accurate, and precise GCV estimation. However, future research should investigate the use of additional modeling algorithms,
such as non-linear regression, to improve model accuracy and utilize sample data with an evenly spread range of GCV values to validate
the model performance with greater confidence.
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1. Introduction

Sugarcane is increasingly being utilized in various applications. For instance, many sugar factories use it to produce sugar as the
main product and utilize bagasse, the residual material left after juice extraction, to generate heat and electricity [1]. This method is
widely adopted and has achieved great success. On the other hand, some power plants are using sugarcane to produce electricity by
directly burning dried chopped cane stalks as a new sustainable energy source from biomass plants. This approach is a promising
alternative energy source as fossil fuels may not last beyond mid-century and lead to an imbalance of greenhouse gases [2]. Therefore,
it is crucial to develop improved sugarcane varieties through breeding programs that are suitable for specific purposes.

Roach [3] outlined three stages in sugarcane improvement breeding programs. The first stage concentrates on the selection and
crossbreeding of primary variety clones. The second stage focuses on creating interspecific hybrids, and the third stage involves
exploiting these interspecific hybrids. These three phases often take over ten years to complete.

During each stage, the evaluation of sugarcane energy content of each clone is important because this parameter plays an important
role in clone selection processes. The energy content can be estimated using the higher heating value (HHV) or gross calorific value
(GCV) [4]. The conventional method used for determining the GCV is bomb calorimetry. This method is costly and time-consuming
and can be determined only in a small amount of sample for each analysis. As a result, breeders can only select a limited number of
clones to measure the GCV and discard some clones that may have good energy content.

The application of Near-Infrared spectroscopy (NIRs) has been widely used for determining the energy content of agricultural
products [4-8]. This technology provides a rapid assessment, which can be performed without any sample preparation. In the context
of breeding programs, NIR spectroscopy has been successfully employed by Bailléres et al. [9] and Yeh et al. [10] to quickly evaluate
major wood characteristics in eucalyptus and pine, respectively. These models have proven effective in enabling the efficient screening
of large breeding populations for a wide range of phenotypic traits. Furthermore, the wavenumbers from the Near-infrared (NIR) region
have been utilized in drone imagery for the detection of sugarcane canopy [11].

Consequently, this research aimed to explore the potential of utilizing the NIRs to evaluate the GCV of sugarcane as a tool for
rapidly screening a large breeding population for any new species. Additionally, a comparison of model accuracy was carried out
between using the entire wavelength range and the relevant wavelengths selected via the VIP, SPA, GA, and r methods. If this
technology can provide a good result, it will be a helpful tool in breeding programs, resulting in breeders can choose more numbers of
clones for energy content assessment and increase the chances of obtaining sugarcane clones with good energy characteristics.
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2. Materials and methods
2.1 Sample preparation

In this study, sugarcane samples were provided by the Khon Kaen Field Crop Research Centre in Thailand. These samples were
from an energy-focused sugarcane breeding program. To ensure the robustness of the model for use in breeding programs, six sugarcane
varieties were included: F03-362, KK09-0358, KK09-0939, TPJ04-768, KK3, and UT12. The KK3 and UT12 varieties which were
the primary commercial cultivars in Thailand and serve as essential references for comparison to any new cultivars. The remaining
varieties were selected for their high potential as energy cane.

The experiment was conducted every two months once the sugarcane has grown to 8-14 months. In order to establish a
comprehensive model, a range of energy characteristic values were obtained by collecting samples from different varieties and at
various stages of maturity. The following procedure were used for preparing the samples:

1. Separate the sugarcane leaves from the stalk.

2. Divide each stalk into three sub-sections: top, middle, and bottom sections.

3. Grind each sub-section sample into shredded sample.

4. Extract juice from the shredded sample.

5. Boil and dehydrate the sample from previous step.

6. Dry all samples in an oven (UN55, Memmert, Germany) at 105 °C until they reach a constant mass.

After completing the aforementioned steps, the dried shredded samples (Figure 1a) were subjected to spectral scanning, carried out
at an ambient temperature of approximately 25 °C (Figure 1b). Subsequently, the GCV of all samples was determined using a bomb
calorimeter (C5003, IKA, Germany), as illustrated in Figure 1c.

a b C

Figure 1 (a) Dried shredded sample, (b) Spectral acquisition using Fourier transform infrared (FT-NIR) spectrometer, and (c) GCV
determination using a bomb calorimeter

2.2 NIR scanning

Lab-type spectrometer, FT-NIR spectrometer (MPA I, Bruker, Germany) across a wavenumber range of 12,800 to 3,600 cm™,
was used for spectral acquisition of dried shredded sample in a quartz bottom sampling cup (87 mm in diameter and 87.5 mm in height)
and repacked by hand between each scan. The FT-NIR spectrometer was used in the diffuse reflectance mode at room temperature (25
+ 2 °C). Before each sample was scanned, a gold plate was scanned as a reference. A sample cup was placed on a rotary sample holder
and scanned through the quartz at the bottom of the cup. The sample was scanned 64 times with a resolution of 16 cm, and were
averaged.

2.3 Reference method

After the scanning process, the scanned samples were milled into small particles by universal milling machine (M 20 Universal
mill, IKA, Germany) to determine the GCV. The GCV determination was conducted using an automated isoperibol calorimeter (C5003,
IKA, Germany). Approximately 0.4 g of the milled sample was placed into a combustion polyethylene bag (C12, IKA®-Werke, gross
calorific value of 46463 J/g, size 4 x 3.5 mm) and combusted within the calorimeter. Prior to the measurements, pelletized benzoic
acid was used to calibrate the bomb calorimeter. Furthermore, a cubic centimeter of water was introduced into the calorimeter vessel
to endorse that the bomb's interior was saturated with water vapor at both the start and the conclusion of the experiment [12]. This
GCV determination was carried out under ambient conditions with a room temperature of approximately 25 °C. The water in the outer
vessel, commonly known as the calorimeter jacket, was maintained at 25 °C. This water jacket helped ensure that the system reached
thermal equilibrium quickly after the sample was ignited and helped minimize heat loss to the surroundings.

Each sample underwent duplicate GCV determinations. The precision of the reference values was assessed by calculating the
repeatability value (Rep), which can be computed from the standard deviation of the difference values between duplicates and the
standard error of the laboratory (SEL) using the following Equation [13]:

SEL = (2 i—5:)?) )
N

Here, the terms "¥; " denote the reference method mean value of all replicates of the ith sample, "y;;" is the reference value of the jth
replicate of the ith sample, while "N" signifies the total number of samples, and i is the number of a sample.
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2.4 Spectral pre-processing and model development

Figure 2 illustrates the comprehensive experimental setup of this research. After collecting the reference value (dependent variable),
i.e., GCV, and corresponding spectra (independent variable), the relationship between them was performed. Prior to modeling, the NIR
spectra were pretreated using the following techniques, first derivative (D*), second derivative (D?), standard normal variate (SNV),
baseline offset, mean centering, and SNV + D*. The following pre-processing methods were implemented to mitigate the potential
impacts of both multiplicative scattering and baseline shifts, which could emerge from phenomena like light scattering or variations in
the lengths of light paths within the samples, as observed in previous research [5, 14]. Additionally, wavelength selection methods,
such as variable importance in projection (VIP), successive projections algorithm (SPA), genetic method (GA), and correlation (r),
were employed to reduce the number of independent variables and identify the significant independent variables.

VIP is a variable selection algorithm that can be used to identify the most important variables in a multivariate data set. It is based
on partial least squares (PLS) regression, which is a statistical method for modeling relationships between multiple predictor variables
and a response variable. SPA is based on the idea of projecting the data onto a series of orthogonal planes, and then selecting the
variables that are most important in each plane. GA is a search heuristic inspired by the process of natural selection. It works by
evolving a population of solutions to a problem over multiple generations, selecting the best solutions from each generation and
combining them to create new solutions. Maraphum et al. [15] said that the GA was a flexible technique for variable selection in
multivariate calibration. Lastly, r is a fundamental statistical concept used to measure the linear relationship between two variables.
The most used correlation algorithm is the Pearson correlation coefficient, which was applied to this research.

In this study, the entire sample set was subject to random division into two distinct subsets by taking one of every five samples,
with the reference data sorted in ascending order: a calibration set and a prediction set, both serving modeling purposes. The calibration
set consisted of 80% of the total samples, with the remaining 20% allocated to the prediction set. To ensure the creation of robust
models, the minimum and maximum of reference values were included in the calibration set. For modeling, the PLS regression was
utilized with leave-one-out cross-validation to prevent overfitting [16]. The pre-processing and modeling methods were executed using
a custom in-house MATLAB code (The MathWorks, Inc., Natick, Massachusetts, USA, license no: 40846673).

2.5 Model performance evaluation

The model's performance was evaluated using the following indices: coefficient of determination in calibration (R?), coefficients
of determination in cross-validation (R?), coefficients of determination in prediction (R%), root mean square error of calibration
(RMSEc), root mean square error of cross-validation (RMSEcv), root mean square error of prediction (RMSEp), Bias, and the ratio of
prediction to deviation (RPD). To determine the appropriate PLS model for each case, including spectral pre-processing techniques,
number of PLS factors (F), the wavelength selection method, and regression coefficients. These were achieved by seeking the lowest
RMSEcv value [17].
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3. Results and discussion
3.1 NIR Spectra and statistical characteristics of the GCV of dried shredded cane

Figure 3a displays the raw absorbance spectra of dried shredded cane stalks, exhibiting a comparable overall structure across all
samples. Each color line indicates spectra obtained from each sugarcane variety. The spectral absorbance profiles of the six sugarcane
varieties were comparable, with no significant differences between any varieties. However, there was a noticeable baseline shift that
appeared to separate the spectra into two distinct groups. The observed spectra could be categorized into two distinct groups, indicating
that the samples in each group underwent different treatments in breeding programs. Specifically, the group with lower spectral
absorption was associated with drought-tolerant sugarcane, whereas the other group was linked to irrigated sugarcane. Figure 3b
presents the spectra subjected to pre-treatment using the SNV + D? technique, which was found to yield the optimal model in this study.
The pre-treated spectra demonstrated the ability to eliminate spectral shifts that occur in raw spectra.
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Figure 3 Spectra of 110 dried shredded cane samples: (a) raw spectra; (b) SNV + first derivative spectra

Table 1 displays the statistical characteristics of the reference data used for model development, including minimum, maximum,
mean, and standard deviation. The range of GCV values falls between 5,977.0 and 17,905.0 J/g, which was wider compared to previous
research by Phuphaphud et al. [8], where the heating values of fibrous cane ranged between 15,379.3 and 17,545.9 J/g, and another
study by Posom et al. [7] with GCV of bagasse ranging from 16,278.4 to 17,802.1 J/g. The broader range of GCV in this experiment
resulted from the inclusion of sugarcane samples at various stages of maturity and from different cultivars.

Based on the precision assessment of the reference method, the Rep value was calculated to be 246.9 J/g, while the SEL value was
determined to be 119.3 J/g. These outcomes confirm the accuracy of the reference data, as the comparatively low SEL value with the
standard deviation values indicates an acceptable level of precision.

Table 1 Statistical characteristics and precision values of laboratory for gross calorific value (GCV, Unit: J/g) samples

Data sets Number of samples ~ Maximum Mean Minimum  Standard deviation Rep SEL
Calibration set 88 17,905.0 15,126.8 5,977.0 3,665.0

246.9 119.3
Prediction set 22 17,899.0 14,958.5 6,043.0 3,857.4

Rep: repeatability of reference data.
SEL: standard error of laboratory.
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3.2 PLS models of GCV prediction

Table 2 displays the results of GCV prediction, consisting of the algorithm, selected wavenumber, pre-processing techniques, F,
R2, RMSEc, R%v, RMSEcyv, r, RMSEp, Bias, and RPD. This article involved comparing the model’s performance constructed using
different PLS algorithms and pre-treatment techniques. The PLS algorithms evaluated included Full-PLS, GA-PLS, SPA-PLS, VIP-
PLS, and r-PLS methods. Each algorithm utilized spectra from seven pre-processing methods: raw spectra, D, D?, SNV, baseline
offset, mean centering, and SNV + D?. Based on the results, the utilization of r-PLS with SNV+D! provided the best model for GCV
prediction, employing eight latent variables. The total wavenumbers used in the optimal model were reduced from 2662 to 1300
wavenumbers. The R?, R%, RMSEc, RMSEp, Bias, and RPD values for the optimal GCV prediction model were 0.98, 0.88, 490.8 J/g,
1285.3 J/g, 278.0 J/g, and 3.00, respectively. The R?, value of the optimal model in this research closely resembled the study conducted
by Sirisomboon et al. [5], where they measured the GCV of bamboo chips and obtained an R?,, RMSEP, Bias, and RPD of 0.84, 150
J/g, 1.81 J/g, and 2.52. It also showed similar results to another study by Posom et al. [18], where they measured the GCV of ground
bamboo and obtained an R?%,, RMSEP, Bias, and RPD of 0.92, 122 J/g, 14.4 J/g, and 3.66.

Williams et al. [13] recommended that models with an R? of 0.83-0.90 are usable with caution for most applications, including
research. Additionally, Zornoza et al. [19] advised that predictions with an R? >0.81 are reasonable, and predictions with an RPD
between 2.5 and 3.0 can be classified as good. Based on these guidelines, the models constructed in this study can be confidently
utilized for the rapid estimation of GCV in dried shredded cane. As a result, these findings suggest that NIR spectroscopy can serve as
a valuable tool in breeding programs, aiding breeders in the assessment of sugarcane's energy content. Consequently, breeders could
potentially assess a higher number of clones for energy content and thereby enhance the likelihood of identifying sugarcane clones
with favorable energy characteristics.

Table 2 Prediction results of gross calorific value (GCV)

Selected Calibration set Prediction set

Algorithm  wavelen-  Pre-processing F R% RMSEc R% RMSEcy R% RMSEr Bias RPD
umber (J/9) (J/9) (J/9) (J/9)

Raw spectra 14 0.91 1077.1 0.77 1754.2 0.68 21715 -949 1.78

D! 8 0098 484.4 0.87 1318.0 0.86 1376.7 4224  2.80

D? 6 097 612.6 0.87 1328.9 0.84 1502.2 3384 257

Full-PLS 2662 SNV 12 085 1434.0 0.68 2099.3 0.64 22976 -108.2 1.68

Baseline offset 14 090 11562  0.77 1754.4 0.61 23932 -116.7 161
Mean Centering 15  0.93 9885 0.79 1689.5 0.63  2352.7 -521 164

SNV + D! 9 099 3683  0.86 1367.4 0.88  1308.9 2520 295

1640 Raw spectra 14 092 10562  0.79 1688.4 0.69  2158.5 -715 179

1580 D! 8 0.98 5148  0.87 1317.2 0.85 14425 388.7 2.67

740 D2 6 097 589.9  0.87 1311.4 0.79  1692.1 503.1 2.28

GA-PLS 980 SNV 12 085 14021  0.60 2400.7 0.61 23978 -191.7 161

1740 Baseline offset 13 088 1253.0 0.74 1841.7 0.58 24844  -188.4 155
920 Mean Centering 14 091  1101.2 0.77 1739.7 0.63 23270 -2247 1.66

500 SNV + D! 8 097 675.1  0.69 2038.0 0.83  1569.7 64.7 2.46

420 Raw spectra 15 0.85 1409.0 0.68 2101.0 0.73  1967.8 4441 1.96

540 D! 9 091 10846 0.84 14721 0.74  1940.2 188.2 1.99

2000 D? 6 097 6204  0.87 1335.3 0.84 15025 3331 257

SPA-PLS 1500 SNV 15 092 1009.7  0.79 1680.9 0.69 2133.0 09 181

1960 Baseline offset 15 087 13244 0.74 1852.5 053 26129 -322.0 1.48
1480 Mean Centering 15 092  1035.0 0.79 1682.0 0.69 21534 659 1.79

400 SNV + D! 9 090 11441 0.87 1312.7 0.76  1905.1 755 2.02
943 Raw spectra 10 0.83 14933 0.60 2328.6 0.67 2203.4 346.2 1.75
670 D! 6 094 880.5 0.87 1301.3 0.82 1616.4 439 239
566 D? 6 0.96 752.4 0.89 1211.2 0.81  1646.7 2874 234
VIP-PLS 991 SNV 14 092 1062.3 0.83 1506.4 0.65 22782 -1419 1.69

1022 Baseline offset 12 085 14173  0.76 1784.3 0.63  2360.3 -436 1.63
848 Mean Centering 15 0.92 10055  0.82 1559.6 0.68  2186.9 920 176

649 SNV + D! 8 0.98 575.6 0.88 1268.7 0.83 1585.1 1714 243

360 Raw spectra 11  0.64 21904 0.51 2606.2 0.60 2432.0 250 159

1220 D! 8 098 495.5 0.89 1230.9 0.84  1488.7 339.6  2.59

880 D? 7 098 528.4 0.91 1148.5 081 1661.1 118.7 2.32

r-PLS 560 SNV 15 092 1060.3 0.80 1625.4 0.71 20382 -358.3 1.89

1940 Baseline offset 13 081 15867 0.76 2267.2 053 26260 -175.5 1.47
1940 Mean Centering 15  0.95 8245  0.83 1493.4 0.71  2049.8 220.0 1.88
1300 SNV + D! 8 0.98 4908  0.88 1337.3 0.88 1285.3 278.0 3.00

F: number of PLS factors.

R?: coefficient of determination in calibration.

RZ: coefficient of determination in cross-validation.

R2y: coefficient of determination in prediction.

RMSEc: the root mean square error of calibration.

RMSEcv: the root mean square error of cross-validation.

RMSEe: the root mean square error of prediction.

Bias: the average of difference values between observed values and predicted values.

RPD: the ratio of prediction to deviation.
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In Figure 4, scatter plots illustrate the correlation between the actual values and the predicted values of the GCV of shredded cane.
These predicted values were generated using the optimized GCV prediction model, established by employing spectra pre-processed
through a combination of the SNV and D! methods, and then modeled using the r-PLS algorithm. Although using sugarcane samples
from various stages of maturity and different cultivars provided a wide range of GCV values, the GCV was not evenly distributed and
was instead concentrated into two distinct groups. This uneven distribution may have made it difficult to assess the model performance,
especially for the R%, value. Additionally, using the models developed in this study may lead to low accuracy in predictions for samples
with GCV values in the range of 9,000 to 14,000 J/g, as shown in Figure 4a. Therefore, future studies should use sample data with a
more evenly distributed range of GCV values to avoid low accuracy in model predictions for some samples and to confirm the model
performance with greater confidence.

A preview of the average SNV + D? spectra is presented in Figure 5. The red points highlight wavenumbers selected through the r
method for modeling purposes, based on their correlation with GCV and spectral data. Figure 6 illustrates the regression coefficient
plots of the effective GCV prediction model. This model was developed using the SNV + D? spectra in combination with the r-PLS
algorithm. A pronounced regression coefficient at a particular wavenumber suggests that the vibration of the corresponding bond at
that frequency could have a substantial influence on the model's prediction [4]. Highlighting wavenumbers with significant regression
coefficients, the peaks situated around 10941 (914 nm), 10183 (982 nm), 4288 (2332 nm), and 4032 (2480 nm) cm-* correspond to dry
cellulose [13]. Peaks 9259 (1080 nm), 7168 (1395 nm), and 5208 (1920 nm) cm™ are related to the structure of benzene, CHz, and
CONH, respectively [20]. Peaks were also evident at 10661 (938 nm) cm-L, attributed to the CH2 structure (C—H stretching the third
overtone) [21].

CH: is the chemical formula for the methylene group, which is found in many organic molecules, including cellulose [22]. Cellulose
is composed of glucose units linked together in long chains. When combusted, these glucose units release energy, contributing to the
GCV of the material. Lin et al. [23] described cellulose as a flexible material for energy storage and conversion, indicating that more
cellulose in sugarcane can lead to more energy content or GCV. The CONH is the chemical formula for the amide group [24], found
in many organic molecules, including proteins and carbohydrates. Although proteins and carbohydrates may not have a significant
impact on the GCV of a material, changes in their composition can lead to variation in GCV. Therefore, the wavenumbers related to
these compositions played an important role in model prediction.
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4. Conclusions

The integration of Near-Infrared spectroscopy (NIRs) as a tool for predicting the gross calorific value (GCV) of dried shredded
cane presents fairly reliable method for rapidly evaluating sugarcane energy content but the better modeling algorithm have to be
explored for example non-linear modeling algorithm, addressing a critical bottleneck in breeding programs. The research explored
various algorithms, pre-processing techniques, and spectral analyses to identify the most effective model for GCV prediction. The
adoption of the r-PLS algorithm in conjunction with SNV + D?® pre-treatment emerged as the optimal choice, providing accurate
predictions with fewer latent variables and selected wavenumbers. Furthermore, the analysis of significant wavenumbers and regression
coefficients elucidated the underlying molecular structures associated with GCV, contributing to a deeper understanding of the
relationship between spectral data and energy content. This knowledge can guide future research and enhance the interpretation of
spectral data in various applications.
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