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Abstract 
The main objective of this research was to evaluate the applications of principal component analysis 

(PCA), cluster analysis and statistical index to be used for informative selection of spectra obtained from an 
online soluble solids content (SSC) measuring system of sugarcane. Three studying steps were conducted. The 
assessment of these three methods for the classification between sugarcane and slat detecting signals from the 
ideal data set (static scanning case) were firstly performed. Secondly, the applications of these methods in the 
classification for the testing data set of the dynamic case were performed and then the best method was 
selected to be used for filtering out the slat detecting signals from all dynamic data set. Finally, the partial least 
square (PLS) modelling by using the output spectra from the best filtration method against their SSC values was 
done in order to compare with the model obtained from the previous work. The initial assessment of these 
three methods showed clear grouping between sugarcane and non-sugarcane (slat) spectra for ideal scanning 
case. Seventy-four spectra were randomly selected from the dynamic data set to be the testing data set for 
determining the best methods in filtering out the slat spectra. Based on this test, the statistical index was the 
best one, showing 89.19% for overall accuracy, compared to the PCA and cluster analysis reflecting the accuracy 
between 48.65-56.76%. So, the statistical index was used to filter out slat spectra from all dynamic data set. 
Based on this step, the output spectra and their SSC values were used for modelling, displaying a coefficient of 
determination of calibration (R2) of 0.768. Its internal validation showed a root mean square error of cross-
validation (RMSECV) of 0.43 ºBrix, whereas that of 0.33 ºBrix was shown in previous work. However, no statistically 
significant difference was observed at a 95% confidence interval. Therefore, the statistical index proposed in this 
study is the informative selection of spectra obtained from an SSC prediction system of sugarcane. This 
information would be useful for further work in developing this online system for installing on the conveyor of 
sugarcane harvester.     
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1 Introduction 
Agricultural products are one of the necessary 

resources for all living things around the world. 
Sugarcane is one of the main agricultural products, 
used in sugar production worldwide and used to 
produce alternative fuels in the form of ethanol in 
some countries as well (Cookson, 2012). With the 
increasing world population, it is expected to reach 

8.6, 9.8 and 11.2 billion in 2030, 2050 and 2100, 
respectively (United Nations, 2017). So, to increase the 
yield and maintain the quality in the production of 
sugarcane without enlargement of growing areas 
should be focused to support the increasing 
population.   

However, the world of sugarcane production is still 
confronted with the problem of variation in the yield 
and especially quality within the fields (Kingston and 
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Hyde 1995; Bramley and Quabba 2001). This has 
prompted efforts in accessing the variation within the 
fields to achieve improvement in the production such 
as field input. 

Several means such as electronic refractometers 
(Mccarthy and Billingsley 2002), microwaves (Klute 
2007; Nelson 1987; Shah and Joshi 2010) and 
spectroscopic techniques (Nawi et al. 2013a; Nawi et 
al. 2013b; Phetpan et al. 2018) have been studied to 
develop as a rapid sugarcane quality measurement. 
Interestingly, Phetpan et al. (2018) developed the non-
destructive, visible and near-infrared spectroscopic 
technique for online measuring soluble solids content 
(SSC) of sugarcane billets on an elevated conveyor. 
With their results reporting a root mean squares error 
of prediction (RMSEP) of 0.30 ºBrix, it shows the 
possibility in measuring the SSC of moving sugarcane 
billets using the spectroscopic technique. For the 
continuous online spectral measurement, a spectral 
screening process is needed to filter out unwanted 
spectra because many sources are detected and 
recorded. However, the spectral filtration proposed in 
Phetpan et al. (2018) study was just the basic 
screening process by eliminating all low signal 
reflections despite being the sugarcane responses. 

Pattern recognition and classification are typically 
divided into two main groups, i.e. unsupervised and 
supervised methods. Grouping of any objects with no 
supervisor in the sense of known membership is called 
unsupervised manner (Otto, 2017). Principal 
component analysis (PCA) and cluster analysis are 
some of the unsupervised learning methods, widely 
used in the chemometric analysis. If the membership 
of objects to classify is known, the methods of the 
supervision called pattern recognition can be used 
(Otto, 2017). Linear learning machine (LLM), 
discriminant analysis, the soft independent modeling 
of class analogies (SIMCA), and support vector 
machines (SVMs) are some of this one for the 
application in recognizing patterns (Otto, 2017). In the 
real world, not only these two methods were applied 
for the object classification, but also statistical index 
such as Normalized Difference Vegetation Index (NDVI) 
and Green-Red Vegetation Index (GRVI) widely used in 
the remote sensing area. These are the well-known 
indexes used for tracking phenological changes which 

are probably used in distinguishing between the green 
vegetation and the other types of the ground covers 
by measuring the difference between two bands, i.e. 
near-infrared and red light for the NDVI and green and 
red light for the GRVI (Motohka et al. 2010).    

Based on spectral data set in this study gathering 
sugarcane and non-sugarcane detecting signals, 
adopting some statistical procedures in order to obtain 
the required spectra of sugarcane during an online 
scanning is necessary. The unsupervised and statistical 
index methods are suitable for this data set because 
of their unknown memberships of the spectra during 
classification. Therefore, the objectives of this research 
are threefold: 1) to initial assess the application of 
principal component analysis (PCA), cluster analysis 
and statistical index in filtering out non-sugarcane 
spectra for static data set, 2) to select the best one for 
classifying the sugarcane and non-sugarcane spectra in 
dynamic data set and 3) to establish the partial least 
square (PLS) model by using the output spectra from 
the best filtration method against their SSC values.    

2 Materials and methods 

2.1 Samples 
Fifty clumps of sugarcane were used in this study. 

In each clump, the sugarcane was chopped into billets 
with an approximate length of 20 cm (see in Phetpan 
et al., 2018 for more details). So, there were 50 groups 
of sugarcane billets in total. 

2.2 Spectral detection 
An online measurement system used in this study 

consisted of two main parts, a cane billet elevator and 
a spectral acquisition system. A vis/NIR spectrometer 
(AvaSpec-2048-USB2, Avantes BV, Netherlands) was 
installed for the spectral acquisition system, operating 
in the spectral range of 350-1100 nm with the spectral 
resolution of 2.4 nm. It was set the integration time for 
14 ms, yielding approximately 90% full-scale Analog-
to-Digital Converter (ADC) of the reference material 
reflectance (see in Phetpan et al., 2018 for more 
details). Static and dynamic spectral detections were 
performed. 

2.2.1 Static spectral detection 
To understand spectral behavior obtained from 

various sources such as sugarcane, the floor of the 
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elevator, and slat for conveying cane, spectral 
measurement of the static detection was necessary. 
Figure 1 shows two types of spectral detection, i.e. 
single and paired cane scans and slat scans. In the 
case of floor detection, it was the spectral 
measurement without the presentation of any objects 
to the optic fiber not presented in the Figure. Overall, 
five repetitions for each detection were performed. So, 
twenty spectra in total were obtained.  

2.2.2 Dynamic spectral detection 
Each group of sugarcane billets was put on the 

elevator and was conveyed by the slat, mounted to 
the conveyor chain, in order to collect the spectra. 
Two replications with two repetitions for spectral 
detection were performed (see in Phetpan et al., 2018 
for more details). Four spectral sets (19 spectra each) 
were obtained from each group and two hundred 
spectral sets were the number in total. However, one 
hundred and seventy-six sets remained after the visual 
observation. This number was used to be the data for 
optimizing the filtration process. Note that another 
twenty-four sets identified some problems showing 
none of sugarcane absorption even if the cane was 
scanned.  

 
Figure 1 Types of static spectral detection for a) single 
cane detection, b) paired cane detection and c) slat 
detection. 

2.3 Data analysis 
Grouping of analytical data according to their 

similar elemental pattern is possible by either means 
of clustering methods or by projecting the high 
dimensional data onto lower dimensional space (Otto, 

2017). These methods are performed with no 
supervisor in the sense of known membership of 
objects to classify. So, principal component analysis 
(PCA), one of the projection methods, and cluster 
analysis were used for classifying sugarcane and non-
sugarcane samples. 

To decompose the original matrix (𝑋) by a product 
of the score (𝑇) and loading (𝑃) matrices, is the key 
idea of PCA which can be formulated as follows: 

𝑋 = 𝑇𝑃𝑇    (1) 

With this concept, to project matrix (𝑋) or spectral 
matrix onto the lower dimensional space (𝑇), the 
equation (1) is to be converted by: 

𝑇 = 𝑋𝑃     (2) 

To interpret the results of PCA for the discrimination 
between the sample groups, visualizing by plotting the 
elements of two scored vectors of the matrix (𝑇), 
especially the first two vectors explaining the most 
variance in the original matrix, could be done.  

For the cluster analysis, the similarity of the objects 
is decided based on the distance measures. The 
shorter the distance between objects the more similar 
they are (Otto, 2017). In this study, the Euclidean 
distance, widely used, was applied according to: 

𝑑𝑖𝑗 =  [∑ |𝑥𝑖𝑘 − 𝑥𝑗𝑘|
2𝐾

𝑘=1 ]
1 2⁄

      (3) 

where 𝐾 is the number of variables; 𝑖, 𝑗 are the indices 
for object 𝑖 and 𝑗. 

  
In addition, the Normalized Difference Vegetation 

Index (NDVI) and the Green-Red Vegetation Index 
(GRVI), which are a normalized ratio of near-infrared 
and red reflectance and that of green and red 
reflectance, respectively, were initially tested to assess 
the possibilities for classifying the different spectra in 
this work. No such approaches were possible. 

With the behavior of spectra scanned under the 
static state, it seems that the spectra had their own 
pattern according to their sources (Figure 2). The own 
pattern of sugarcane responses presents the low and 
high variation in the range from 560 to 640 nm and 
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from 680 to 750 nm, respectively. High variation in 
both ranges is the characteristic of slat detection, 
whereas low variation throughout the spectral range is 
that of floor detection. With very low %reflection and 
variation of floor spectra, these original floor spectra 
can be easily cut off from other raw spectra. The 
standard deviation (𝑆𝐷) throughout the spectral line 
for 1 was used as a threshold for removing the floor 
spectra.  

 
Figure 2 Spectral characteristics based on the 
detection of the different objects. 

Based on these two leftover patterns, the concept 
of the normalized ratio mentioned above was 
modified to be an alternative channel for this work. 
So, a statistical index relying on a normalized ratio of 
𝑆𝐷 of reflection value in the range from 560 to 640 
nm and 680 to 750 nm was proposed in this study. 
The index is defined as follows: 

 Statistical index = 
𝑆𝐷560 𝑡𝑜 640 − 𝑆𝐷680 𝑡𝑜 750

𝑆𝐷560 𝑡𝑜 640 + 𝑆𝐷680 𝑡𝑜 750
   (4) 

 For the data analysis, the spectral range of 450-900 
nm, defined as a full range, and that of 560-640 and 
680-750 nm were used for the application of PCA and 
cluster analysis. PCA and cluster analysis were firstly 
applied to the static data set after the floor spectra 
removal in order to test the filtering out slat spectra 
based on both the full range and the 560-640 and 
680-750 nm. In the case of PCA, estimation of the 
loading matrices 𝑃𝑇  from the scaled-matrices (𝑋) 
based on two spectral ranges and computation of new 
score matrices (𝑇) according to the equation (2) were 
performed, respectively. With this computation, two 
matrices (𝑇) based on these two ranges were the 
output of the PCA and were used for the 
discrimination between the sugarcane and slat spectra. 

For the classification with cluster analysis, the 
Euclidean distance was applied based on two spectral 
ranges resulting in different 𝐾 according to the 
equation (3). Based on these two means, four outputs 
of the classification were obtained, 2 outputs (450-900 
nm and 560-640, 680-750 nm) from the PCA and that 
from the cluster analysis. For the statistical index, it 
was also applied to the data of static data set. The 
specific index value was then obtained to be an 
indicator to keep up the sugarcane responses. In order 
to evaluate the performance of these three methods 
in filtering the slat spectra out, they were applied to 
dynamic spectral data set which was already cut the 
floor spectra off. Ten sample groups (74 spectra) out 
of one-hundred and seventy-six groups were 
randomized and used as a testing set for the 
evaluation. The results showing the percentage of 
correct classification of those compared among the 
three methods were presented. Based on these, the 
best one was applied to screen non-sugarcane (slat) 
spectra out from all the dynamic data set. The spectra 
survived from this process were mathematically 
pretreated by moving average (MA) smoothing with 
segment size of 21 points and standard normal variate 
(SNV) in order to minimize spectral noises and to 
diminish the offset effect in the spectra, respectively. 
At the end of this study, these spectra were modeled 
against their SSC values with partial least square (PLS) 
regression in order to compare with the results 
obtained from previous work (Phetpan et al., 2018). 
So, the PLS model, resulting standard error of cross 
validation (𝑆𝐸𝐶𝑉) was compared using a Fisher’s test 
(𝐹 value) (Molla et al., 2016) to see a significant 
difference in statistics. The 𝐹 value was calculated as 

𝐹 =  
𝑆𝐸𝐶𝑉2

𝑆𝐸𝐶𝑉1
,  where  𝑆𝐸𝐶𝑉1 < 𝑆𝐸𝐶𝑉2      (5) 

The calculated 𝐹 value was compared with the 
confidence limit 𝐹 critical (1 − 𝛼, n1 − 1, n2 − 2), 
obtained from the distribution 𝐹 table, where 𝛼 is the 
test significance level (𝛼 = 0.05), n1 for the sample 
number modeled at the previous work, and n2 for that 
in this work (n1 and n2 = 100 for this test) (Molla et al., 
2016). The differences between these two models are 
significant when 𝐹 > 𝐹 limit. 
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 In this study, the statistical index computations 
were conducted by R software (R Core Team, 2018), 
using the dplyr package (Wickham et al., 2017), 
whereas the PCA, cluster analysis, mathematical 
pretreatments as well as the PLS modelling were 
conducted by the software for multivariate analysis 
(Unscrambler X 10.3, Camo, Norway). 

3 Results and discussion 
The application of PCA and statistical index 

employed with the static data set to filter out slat 
spectra are shown in Figure 3 and 4, respectively, 
whereas that of cluster analysis is shown in Table 1. 
The PCA outcome with the first principle component 
(PC) explained 99% of the total variation in the spectra 
identifies the tendency in classifying between 
sugarcane and slat spectra. The results of PCA based 
on the two spectral ranges show the same distribution 
patterns. With this result, the spectral range of 560-640 
and 680-750 was used for further analysis, whereas 
zero was used as a threshold for the classification.  

 
Figure 3 Spectral filtration output of the PCA applied 
to static data set a) outcome based on full spectral 
range (450-900 nm) and b) outcome based on 560-640 
and 680-750 nm. 

For the statistical index test, the scatter plot clearly 
groups between two different objects (cane and slat). 
Sugarcane detection has a very high value in negative, 
whereas slat detection has very high in positive. 

Therefore, the value of -0.6 was selected as a 
threshold to distinguish between sugarcane and slat 
detections. With this threshold, the spectra could be 
filtered out if the value was higher than -0.6. In the 
case of cluster analysis, the results shown in the Table 
1 identify that this method probably works well in the 
future for filtering out the slat detecting signals. 
However, these tests were done based on ideal 
spectral data set (static spectral detection). So with 
the very good results they are, these applications were 
also tested with the dynamic data set. 

 
Figure 4 Spectral filtration output of statistical index 
applied to the static data set. 

Table 1 Application of cluster analysis in filtering out 
slat spectra for data set of static spectral detection. 

Objects 450-900 nm 560-640, 680-750 nm 

Single cane 
detection 

0 0 
0 0 
0 0 
0 0 
0 0 

Paired cane 
detection 

0 0 
0 0 
0 0 
0 0 
0 0 

Slat 
detection 

1 1 
1 1 
1 1 
1 1 
1 1 

Overall 
accuracy  

100% 100% 

Note: 0 is the symptom of sugarcane identification and 
1 is that of slat identification 
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Table 2 shows the evaluation results of the 
performance of the three methods in classifying 
between sugarcane and slat spectra from the testing 
data set (74 spectra previously mentioned). Percentage 
of overall accuracy obtained from PCA and cluster 
analysis are between 48.65-56.76%. There is a bit 
difference of overall accuracy in PCA employed based 
on two different spectral ranges, whereas the same 
result is obtained from the cluster analysis. This 
identifies that the different range of spectra has no 
influence for the PCA and clustering applications. 
Based on the results, these two methods could not be 
used to filter out slat spectra from the dynamic data 
set. The best result for the evaluation in filtering out 
non-sugarcane (slat) spectra from the dynamic data 
set is from the statistical index application, 89.19% for 
overall accuracy. With this accuracy, eight sugarcane 
detections were identified as slat spectra whereas no 
slat detection was identified as the cane. This is what 
we expected is that a few cane spectral detections 
with low reflectance could be removed out as non-
sugarcane spectra but keeping up slat detection as 
sugarcane spectra are not allowed. This statistical 
index was modified from the NDVI and GRVI, which are 

the normalized ratio relying on measuring the 
difference between two bands. The application of this 
index for identifying the difference between spectra of 
sugarcane and slat that characterizes their own pattern 
based on different standard deviation is satisfied. So, 
this index was applied to screen non-sugarcane (slat) 
spectra out from all the dynamic data set. The 
filtration result is shown in Figure 5, displaying the 
minimum signal reflection in the region around 750-
900 nm of around 3%. This number is quite low 
compared to that (20%) of filtration proposed by 
Phetpan et al. (2018). However, this indicates the 
performance of this index to keep up only the 
sugarcane detecting signals. The result could also be 
confirmed by the pretreated spectra in Figure 5b with 
no presentation of the slat signal except for the 
sugarcane spectra. With this result, all of 176 spectral 
sets (100%) survived for this study whereas only 150 
out of the 176 sets (85%) survived for the filtration 
process in Phetpan et al. (2018). Based on this, the 
statistical index proposed in this study works very well 
in classifying the sugarcane and non-sugarcane 
detection especially keeping up the sugarcane signal 
despite having a low signal reflection. 

Table 2 The applications of PCA, cluster analysis and statistical index for filtering out the slat spectra from the 
dynamic data set 

Methods for classification Identified cane as slat Identified slat as cane % Overall accuracy 
PCA * 38 (74) 0 (74) 48.65 
PCA ** 36 (74) 0 (74) 51.35 

Cluster analysis * 31 (74) 1 (74) 56.76 
Cluster analysis ** 31 (74) 1 (74) 56.76 
Statistical index 8 (74) 0 (74) 89.19 

Note: * employed with the spectral range of 450-900 nm, whereas ** employed with that of 560-640 and 680-750 nm. 
 

 
Figure 5 Spectral output remained from classifying by the statistical index, a) raw output and b) pretreated 
output.   
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A PLS model was developed using the spectra 
obtained from the filtration by statistical index to 
compare with the PLS model presented in Phetpan et 
al. (2018). So, the number of samples and 
pretreatment used for modelling were the same as 
the previous work. Figure 6 shows the result of PLS 
modelling employed using the spectra kept up by the 
statistical index. The model employed 4 latent 
variables (LVs) to account 92% and 77% in dynamic 
spectral and SSC variations, respectively. Two sugar 
related peaks at 755 nm (the 4th overtone of C-H 
stretching of sugar at 762 nm (Osborne et al. 1993) or 
the 3rd overtone of O-H stretching of sucrose in water 
at 740 nm) and 890 nm (the 3rd overtone of C-H 

stretching of sucrose in water at 910 nm (Golic et al. 
2003)) were still found in the regression coefficient 
plot. The predictive performance of this model, 
validated by 50 samples in the prediction set, could 
be explained by root mean square error of prediction 
(RMSEP) of 0.44 ºBrix. 

Comparison the 𝑆𝐸𝐶𝑉 between the two PLS 
models found that the modelling using the data set 
obtained from the statistical index in this work tends 
to increase the standard error of prediction, 𝑆𝐸𝐶𝑉 of 
0.43, whereas the model presented in previous work 
had 0.34 in term of 𝑆𝐸𝐶𝑉. However, there is no 
statistically significant difference between these two 
PLS models when 𝐹 (0.05, 99, 99) < 𝐹 limit (1.26 < 1.39).

 
Figure 6 The result of PLS model constructed using spectra kept up by the statistical index; a) scatter plot the 
PLS modelling and its internal validation, b) scatter plot of external validation and c) the regression coefficient 
plot. 

4 Conclusion  
The application of principal component analysis 

(PCA), cluster analysis and statistical index showed a 
good tendency in screening out non-sugarcane spectra 
from the static data set (ideal case) with clear grouping 
between the different objects. 

The statistical index was the best for removing the 
slat detection signals from the testing data set 
(randomly selected 74 spectra from the dynamic data 

set), showing 89.19% for overall accuracy, compared 
to the PCA and cluster analysis reflecting the accuracy 
between 48.65-56.76%.    

The PLS modelling that employed the spectra 
obtained from the filtration using the statistical index 
against their SSC values displayed a coefficient of 
determination of calibration (R2) of 0.768. It was 
internally validated and showed a root mean square 
error of cross-validation (RMSECV) of 0.43 ºBrix, 
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whereas the RMSECV of 0.33 ºBrix was shown in 
previous work. However, no statistically significant 
difference was observed (p > 0.05) from the error 
increased. So, this index would be applied as the 
filtration process for further work in developing the on-
line soluble solid content measuring system of 
sugarcane on the conveyor. 
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