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Abstract: This research investigated the use of predictive models and a low cost spectroscopy in non-invasive 
Soluble Solids Content (SSC) assessment. The challenge is to model complex and high-dimensional spectral 
data. Adaptive Linear Neuron (ADALINE) that uses a single layer network was proposed for modelling and 
variable selection in spectroscopic analysis. Findings show that ADALINE achieves the best performance  
and the proposed variable selection improved the accuracy of these predictive models. Particularly, this research 
shows that the SSC of pineapples can be non-destructively assessed using the three influential  
wavelengths of 718, 768, and 856 nm that identified by the proposed variable selection.  
Copyright © 2014 IFSA Publishing, S. L. 
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1. Introduction 
 

Food crisis is not only an issue of high prices, but 
also an issue of supply bottlenecks at the domestic 
level [1]. One way to address food crisis is to 
maximize the potential of food by reducing waste [2] 
Food that is harvested too early have less chance to 
develop its quality, and that is harvested too late has 
occupied limited spaces for new planting. These 
kinds of wastes can be reduced by predicting the 
optimal time for harvesting, that is, the time when the 
quality of food has been fully developed [2]. This 
implies that the quality assessment of food is an 
essential topic to addressing food crisis. 

In particular, the potential of fruits should be 
optimized. This is because high quality fruits provide 
abundant nutritional components that are crucial to 
human health [3]. The potential of fruits can be 
optimized by harvesting a fruit once the quality of the 

fruit has been fully developed; and by ensuring that 
only high quality fruits are sent to fresh market, while 
the remainders are processed to be value-added 
products, such as, tin, juice, and jam [2]. Since the 
senses of human are incapable of assessing the 
quality of fruit correctly and consistently [4], a fast, 
precise, and non-destructive approach for the quality 
assessment of fruit is essential to maximize the 
potential of fruits.  

Recently, Malaysia targets to increase its export 
value of pineapple beyond the RM54 million mark 
via improving current technologies and production, 
so that its ranking as one of the world’s pineapple 
exporters will be move up beyond 11th place [5]. 
Moreover, according to the Entry Point Project (EPP) 
7 of Economic Transformation Programme (ETP), 
pineapple has been identified as one of the six high-
value non-seasonal tropical fruits in the country 
[6, 7]. In other words, the production of pineapple is 
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expected to be increased in the future. Besides, it is 
well-known that high nutrition and good tasting are 
crucial factors for the benefits of commercial. 
Therefore, a better way to evaluate these parameters 
of interest should be investigated and developed so 
that the competitiveness of Malaysian farmers can be 
enhanced globally. 

Among the internal quality attributes of a 
pineapple, such as acidic, pH and firmness, Soluble 
Solids Content (SSC) is probably the most important 
parameter to grade a pineapple [8]. According to the 
United Nations Economic Commission for Europe 
Standard (2010 edition), the minimum SSC 
requirement of pineapple fruit is 12°Brix. In order 
words, one of the crucial initiatives to access the 
premium fruit market, such as Middle East and 
Europe, is to fulfill the minimum SSC requirement. 
Since the SSC of a harvested pineapple is unlikely to 
be varied [9], pineapple should only be harvested 
when its SSC has been fully developed. 

A rapid and non-invasive assessment approach is 
necessary to assess the SSC of an intact pineapple, 
especially, for the applications of harvesting and 
grading. Conventionally, SSC is measured by using a 
refractometer. However, a refractometer is only able 
to assess a liquid sample. In other words, the SSC 
measurement of an intact pineapple by means of a 
refractometer is impossible without destroying  
the fruit.  

Recent studies indicate that near infrared (NIR) 
spectroscopy is a promising technology to non-
destructively assess the internal quality of fruits  
[8-32]. This is because NIR spectrum contains 
abundant chemical information, such as Carbon-
Hydrogen (C-H), Oxygen-Hydrogen (O-H), and 
Nitrogen-Hydrogen (N-H) [8-32]. Moreover, this 
information has been successfully correlated to the 
internal qualities, such as sugar content, fat acidic, 
pH, and moisture, of numerous fruits by using a 
predictive model [8-32]. This suggests that the SSC 
of pineapple can also be rapidly and non-invasively 
predicted using a predictive model that has modelled 
the relationship between the spectral data and the 
SSC of pineapple properly. 
 
 
2. Problem Statement 
 

The conventional Soluble Solids Content (SSC) 
measurement by means of a low cost refractometer is 
widely used to monitor the SSC of pineapples. 
However, this method is labour-intensive, 
destructive, and inapplicable for online grading 
system. This implies that a low cost advanced sensing 
technology that is capable of non-invasively 
assessing the SSC of an intact pineapple is worthy to 
be investigated and developed. 

A predictive model should not only model the 
relationship between the acquired spectral data and 
components of interest, but also assist researchers or 
users to have a better understanding about their 
acquired spectral data. Even though sophisticated 

data processing and predictive models are commonly 
required to accomplish a meaningful spectral analysis 
[33, 34], these sophisticated models are unfriendly to 
be used to interpret the chemical information from 
complex spectral data [35]. An alternative approach 
that provides a simpler graphic for spectroscopic 
interpretation is worthy to be developed [36]. 
 
 
3. Methodology 
 

The research methodology involved in this study 
is divided into experimental data acquisition and 
predictive modelling. The former describes the 
methodology that used to non-invasively acquire 
spectral data and to conventionally measure Soluble 
Solids Content (SSC) data. The latter describes  
the methodology that used to model the  
relationship between the acquired spectral data and 
the measured SSC.  

Fig. 1 depicts the general idea of the research 
methodology in this research. The three main 
procedures of this research are stated as follows. 
First, the spectral data of a pineapple were non-
destructively acquired using a low cost VIS-SWNIR 
spectroscopy. Second, the SSC of the pineapple was 
conventionally measured using a digital 
refractometer. Lastly, a predictive model was used to 
model the relationship between the acquired spectral 
data and the measured SSC so that the predictive 
model is able to predict the SSC of the pineapple, 
non-destructively, using the acquired spectral data. 
 
 

Acquired 
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Fig. 1. Basic diagram for overall research methodology. 
 
 

In this research, after the experimental data 
acquisition was completed, potential outliers were 
identified. After that, in the sections of predictive 
modelling, three studies were designed and carried 
out to non-invasively assess the SSC of pineapples by 
means of spectroscopic analysis and a predictive 
model. The first study was designed to evaluate the 
predictive ability of the proposed method on 
predicting the SSC of pineapples that harvested from 
different day. The second study evaluated the use of 
contemporary pre-processing methods. In the final 
study, Adaptive Linear Neuron (ADALINE) model 
was proposed for modelling and variable selection in 
spectroscopy analysis.  

Generally, the three vital steps in the 
spectroscopic analysis are data pre-processing, model 
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design, and validation. Data pre-processing is used to 
enhance the quality of the acquired data by 
eliminating or minimizing the effects from unwanted 
signals, such as baseline shifts and slope effects. 
Model design is applied to ensure that the 
architecture of a predictive model is optimized during 
training or calibration process. Validation strategy is 
used to authenticate the performance of trained 
predictive models, and to ensure that the findings  
are reliable.  
 
 
4. Results 
 

The data set that consisted of the acquired spectral 
data of 192 pineapple samples and their respective 
measured SSC values. Fig. 2(a) illustrates that 
substantial noises existed in the beginning of the 
acquired spectral data of the 192 pineapple samples. 

Consequently, the acquired spectral data were 
impossible to be visually interpreted.  

After removing the high noises areas in the 
beginning of the spectra and the wavelength that 
more than 1100 nm, Fig. 2(b) depicts that the visual 
quality of the acquired spectral data was substantially 
improved. Results indicate that there is an observable 
inconsistent baseline shift among the acquired 
spectral data. Nonetheless, this should be expected 
because the skin of pineapples is irregular in nature. 
The small deviation of the angle of reflection changes 
the amount of energy received by the spectroscopy. 
For instance, a spectrum would have a relatively 
higher reflectance value (or been shifted up) if more 
energy was received by the spectroscopy, and vice 
versa. In other words, this baseline shift consists of 
irrelevant information to the component of interest. 
Thus, appropriate pre-processing method should be 
implemented to eliminate these unwanted signals.  

 
 

    
 

(a)                                                  (b) 
 

    
 

(c)                                                      (d) 
 

    
 

(e)                                                       (f) 
 

Fig. 2. Acquired raw spectral data: (a) that before, and (b) after removing significant noises that exist in the beginning  
and the end of the spectra of 192 pineapple samples; and that from (c) Day 1, (d) Day 2, (e) Day 3, and (f) Day 4, in which,  

48 pineapple samples on each day. 
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The acquired spectral data from Day 1, Day 2, 
Day 3, and Day 4 are depicted in Fig. 2(c), Fig. 2(d), 
Fig. 2(e), and Fig. 2(f), respectively. Inconsistent 
spectral signals from approximately 1000 to 1100 nm 
are observed from these figures. This suggests that 
the signals from these wavelengths contain random 
information or noises. Thus, these wavelengths 
should be excluded to improve the quality of  
spectral data.  

The measured SSC values of the 48 pineapple 
samples from Day 1 that ranged from 9.5 to 
14.6°Brix, with mean of 11.59°Brix and standard 
deviation of 1.17°Brix, are depicted in Fig. 3(a). 
Fig. 3(b) illustrates the measured SSC values of the 

48 pineapple samples from Day 2 that ranged from 
7.7 to 13.7°Brix, with mean of 11.00°Brix and 
standard deviation of 1.25°Brix. Fig. 3(c) illustrates 
the measured SSC values of the 48 pineapple samples 
from Day 3 that ranged from 8.7 to 13.3°Brix, with 
mean of 11.01°Brix and standard deviation of 
1.28°Brix. Fig. 3 (d) illustrates the measured SSC 
values of the 48 pineapple samples from Day 4 that 
ranged from 7.6 to 13.9°Brix, with mean of 
11.02°Brix and standard deviation of 1.74°Brix.  

The difference between the SSC descriptive 
statistics obtained from different days is expected 
because the pineapples used were harvested from 
different days. 

 
 

    
 

(a)                                                                              (b) 
 

    
 

(c)                                                                        d) 
 

 
 

(e) 
 

Fig. 3. Histogram of the SSC value of pineapple samples: (a) Day 1, (b) Day 2, (c) Day 3, (d) Day 4, and (e) all four days. 
 
 

The overall 192 measured SSC values of the 
pineapple samples from Day 1, Day 2, Day 3, and 
Day 4 that ranged 7.6 to 14.6°Brix are fairly 
normally distributed at the mean of 11.16°Brix with 
standard deviation of 1.39°Brix, as depicted in 
Fig. 3(e). This justifies that the selection of samples 
are random according to the principle of normal 
probability plot. Fig. 4 indicates that ADALINE that 

used either the selected spectral segments as its 
predictors (ADALINESS) or the selected wavelengths 
as its predictors (ADALINESW) gradually improved 
their accuracy, and then maintained their optimal 
performance after adequate trainings. This 
observation suggests that ADALINE was 
insusceptible to over-fitting problem, when only 
relevant predictors were included.  
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(a)                                                                         (b) 
 

Fig. 4. Root mean square error versus the number of adaptation cycles: (a) ADALINESS, and (b) ADALINESW. 
 
 

ADALINESS required fewer adaptation cycles to 
reach its optimal performance compared to 
ADALINESW, as shown in Figure 4 (a) and Figure 4 
(b), respectively. This implies that the extra 
predictors assisted ADALINE to model the 
relationship faster. While the RMSEP of these two 
models were the same, the parsimonious model is 
more preferable in a trade-off of a longer training 
time. Thus, ADALINESW is considered better than 
ADALINESS. 
 
 

4. Conclusion 
 

ADALINE successfully identified the three most 
influential wavelengths of 718, 768, and 856nm from 
the pre-processed SWNIR spectral data, which 
contained 288 wavelengths with an interval of 1nm. 
In particular, the use of these influential wavelengths 
as the predictors of predictive models achieved better 
predictive accuracy, compared to that used either the 
full spectrum or the selected spectral segments. The 
performance and mathematical model of these 
parsimonious predictive models that used is stated as:  

ADALINE achieved RMSEP of 0.72 °Brix and rp 
of 0.81, by the mathematical model of  

SSC = -0.3245×(718 nm) + 0.4148× (768 nm) -  
- 0.3061× (856 nm) + 0.11 + residual. 

This research presents and justifies that 
ADALINE is capable of directly identifying 
influential variables from the high-dimensional 
spectral data. Findings show that the use of this 
variable selection approach enhanced the predictive 
accuracy of predictive models. 
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