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 The performance of reflectance spectral measurement using a 

spectroscopic method could be affected by scanning distances. 

Therefore, this study was undertaken to investigate the effect of scanning 

distances on the performance of a spectroscopic method to predict oil 

content of oil palm fruitlets. A total of 216 fruitlet samples from six 

bunches at different maturity stages were used. Spectral data was 

collected using a high-resolution fibre optic spectrometer with 

wavelengths ranged between 500 and 900 nm. The samples were 

scanned at five different scanning distances namely 0, 1, 2, 3, 4 and 5 

cm. Soxhlet extraction analysis was performed to determine the oil 

content of the samples. Partial least square (PLS) regression method was 

used to develop calibration and prediction models to correlate the 

spectral data with the respective oil content of the samples. For 

prediction models, the coefficient of determination (R2) for 0, 1, 2, 3, 4 

and 5 cm scanning distances were 0.95, 0.93, 0.86, 0.83, 0.80 and 0.80, 

respectively. Artificial neural network (ANN) was used to classify 

fruitlets samples into the maturity stages and yielded good classification 

performance with an average of 94%. These results indicate that the oil 

content of fruitlet samples can be predicted by using the spectroscopic 

method. However, the scanning distances could affect the prediction 

accuracy of the models. This study has also demonstrated that the 

spectroscopic method coupled with ANN algorithm could be applied to 

classify the maturity stages of oil palm fruitlets. 

 

 

 

   

 

This work is licensed under a Creative Commons Attribution Non-Commercial 4.0 

International License. 

 

 

1. INTRODUCTION 

Oil palm is primarily grown in tropical regions such as Southeast Asia, Africa and South America. Oil palm 

is one of Malaysia’s most important crops. The Malaysian government has given oil palm a lot of attention 
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because it generates substantial revenue for the country. Palm oil makes a substantial contribution to 

Malaysian economics, with export earning of RM 67.6 billion in 2016, comparable to 6.1 percent of the 

country’s overall GDP [1]. The maturity or ripeness of oil palm fruit bunches determined their quality [2]. 

Thus, a proper classification of fresh oil palm according to their maturity level; ripe, unripe and overripe is 

critical prior to processing at a mill. In this industry, grading of oil palm fresh fruit bunches (FFB) based on 

their maturity stages remains as one of the problems to this industry [3]. The traditional method for grading 

involved manual or counting of number of loosened fruitlets per bunch [4]. These procedures, on the other 

hand, were a time-consuming and labor-intensive process that might lead to bias and human error, which 

would have a significant impact on grower’s profitability [5- 7]. As a result, a reliable, quick and precise 

sensing technique for detecting oil palm FFB maturity is required [8], [9]. 

 

Currently, many researchers have recommended the use of spectroscopic approaches for grading oil palm 

[10- 9]. In the oil palm industry, different types of spectrometers have been applied on both FFB and also 

fruitlets to predict their quality based on reflectance values. For example, [9], [12], developed oil content 

models for prediction based on the oil content and free fatty acid (FFA) at different maturity stages. 

However, there have been few studies reported on the effect of the measurement distance between samples, 

detector and light sources on predicting oil content using visible shortwave near infrared spectroscopy. 

Since the FFB and fruitlet have irregular shapes, the reflectance values from the samples may be influenced 

by the scanning distance resulting of accuracy in oil content prediction. So, the measurement of the spectral 

reflectance for oil content should be done carefully to avoid reading errors due to the influence of 

reflectance. 

 

The use of visible and shortwave near-infrared (VSNIR) spectroscopy will generate a heap of raw spectral 

data. Therefore, chemometric analysis is required to remove unwanted and irrelevant information from the 

raw spectra data before regression and classification models can be developed. In chemometric analysis, 

data classification is a key approach for lowering data dimensionality, optimizing data processing time, and 

improving data generalization by reducing prediction and over-fitting [13]. Common classification 

algorithms in agricultural research include support vector machine [14], artificial neural networks [15], 

finite element model [16] and K-nearest neighbor method [17]. However, one of the most prominent 

categorization approaches is artificial neuron network (ANN), which is well-known for its capacity to 

model and learn complex real-time systems. [18]. 

 

Therefore, the aim of this research was to determine the prediction accuracy due to the effect of irregular 

shape on intensity of spectral data received by a detector. The specific objectives of this study were: 1) to 

determine the effect of different scanning distances on prediction accuracy.; 2) to classify the fruitlet 

samples into three maturity stages of using ANN. 

 

2. MATERIAL AND METHOD 

 

2.1 Fruitlet Sample Preparations 

Established standards by Malaysian Palm Oil Palm Board (MPOB) have recommended to classify oil palm 

bunch ripeness into three classes: unripe, ripe and overripe. The number of loose fruits in a bunch is used to 

determine the maturity of oil palm FFB. When neither of the fruitlets detached from the bunch, it was 

classified as an unripe bunch; when 10 or more fruitlets have detached from the bunch, it was classified as a 

ripe bunch; and when 40 or more fruitlets have detached from the bunch, it was classified as an overripe 

bunch. 

 

http://www.shin-norinco.com/
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Six bunches of FFB that represented three different maturity stages; unripe (2 bunch), ripe (2 bunches) and 

overripe (2 bunches) were collected from MPOB plantation. The ripeness level of the FFB samples were 

manually determined by an experienced worker of MPOB using the conventional method of classification 

by counting the number of loose fruitlets on the ground before harvest. The color of fruitlets in the bottom 

of the bunch is always not homogenous and fruitlets color differs from the top of the bunch [9]. To address 

this variation, each bunch was divided into two parts, left and right part. Then, each part from the top to 

bottom, was further divided into three sections (top, middle, bottom), producing six sub-sections from each 

FFB sample (Figure 1). The FFB was cut into sub-section so that it will be easier for fruitlet extraction as 

the attached fruitlets on FFB were hard to be removed especially for the unripe bunches. Prior to the 

cutting, the FFB was cleaned from any debris and weighed. After cutting, three fruitlet samples were 

randomly extracted from each sub-section, giving 36 fruitlet samples to represent each FFB sample. 

 

 
Fig. 1. The division of sub-section from FFB sample 

 

2.2 Spectral Acquisitions 

Spectral data was recorded using a visible and shortwave near-infrared (VSNIR) spectrometer (Ocean Optic 

HR4000, Ocean Optics Inc., Dunedin, Florida) with a spectral range from 200 to 1100 nm and equipped 

with an optical resolution of 0.50 nm. The spectral data was collected at different scanning distances of 0, 1, 

2, 3, 4, and 5 cm. Spectral data for 0 cm was collected by touching the probe on the fruitlet samples. The 

experimental set up for this study was described in Figure 2. A HL-2000 halogen light was used a versatile 

white-light source to generate the light incident on the fruitlet samples. The diffuse reflectance white 

standard was scanned and used as the measurement’s reference standard throughout the experiment. To 

prevent stray light from reaching the sample, measurements were carried out inside a dark room. With the 

use of SpectraSuite software, (Ocean Optics Inc. Finland), the spectral data were collected and analyzed. 
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Fig. 2. Experiment setup using spectrometer 

 

2.3 Determination of Oil Content 

After the spectral acquisition process, the oil content of each fruitlet sample was determined. The oil 

content of the fruitlet samples representing bunches at different maturity stages was determined using 

Soxhlet extraction method as described by [19]. Based on this method, the samples were first weighed and 

chopped before they were oven-dried at 75°C for 24 hours to eliminate the moisture. The dried kernel and 

mesocarp were again weighed and blended together before they were packed into filter papers (Whatman 

Cat No. 1001 150). The oil was extracted using a chemical solvent, particularly hexane, in Soxhlet 

extractor. To remove residual of hexane, the remaining fibre and thimble were dried for 24 hours at 70°C. 

the samples were then weighed once again. The oil content (% oil content) of each section was calculated 

using Eq. (1): 

 

% 𝑜𝑖𝑙 𝑐𝑜𝑛𝑡𝑒𝑛𝑡 =  
𝑊1−𝑊2

𝑊3
         Eq. (1) 

 

Where W1 is thimble and residual weight (g), W2 is empty thimble weight (g), and W3 is mesocarp weight 

(g). 

 

2.4 Spectral Data Pre-processing 

The initial 300 nm and the last 200 nm data points were deleted from the original spectral data to improve 

the signal-to-noise ratio. As a result, only the wavelength ranges between 500 to 900 nm were used for 

further processing. The spectra data were pre-processed for optimal performance prior to the calibration 

stage. In this paper, the raw spectra data was pre-processed using multiplicative scatter correction (MSC) 

approach. MSC was employed to compensate for additive (baseline shift) and multiplicative (tilt) effects in 

the spectral data due to physical effects of the samples [20]. The Unscrambler software, version 10.32 

(Camo Process As, Oslo, Norway), was used to run the pre-treatments on the datasets. 

 

2.5 Model Development 

The spectral data gathered from the fruitlet samples was split into two groups. One set (75%) was used to 

build a prediction equation (calibration set) while the second set (25%) was used to validate the predictive 

equation (validation set). To ensure that each sample set was included to cover the whole range of spectra, 

one of every four samples from the entire sample set was chosen for validation [21], [22]. 

 

Partial least squares (PLS) regression method was the most commonly employed multivariate regression 

method in NIR spectroscopy [23]. PLS models rely on latent variables (LVs), which are the output of the 

principal component analysis (PCA). In this paper, 6 LVs were employed for both calibration and 

prediction models. Unscrambler X Version 10.3 software (Camo process, AS, Oslo, Norway) was used to 

http://www.shin-norinco.com/
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perform PLS modelling in this study. The root means square error of calibration (RMSEC), root mean 

square error of prediction (RMSEP), coefficient of determination for calibration (R2), and coefficient of 

determination for prediction (R2) were used to evaluate the PLS performance [24]. The RMSEC result 

determines the calibration model’s performance, while RMSEP result defines the prediction model’s 

performance. Both the calibration and prediction processes used the R2 representation. PLS model is 

considered excellent when the values of R2 are high while the values of RMSEC and RMSEP are low. 

 

2.6 Development classification model using Artificial Neural Network 

The biological brain system inspired the artificial neural network (ANN) algorithm as a valuable statistical 

tool for nonparametric regression [25]. The neural network’s structure is made up of interconnected layers 

[26]. The single layer feedforward network, the multilayer feedforward network, and the recurrent network 

are the three types of ANN architectures that can be classified based on their connectivity. An input layer 

(n), an output layer (m) and one or more hidden layers (h) make up a multi-layer feedforward neural 

network. 

 

The development of classification based on ANN has made great achievement. The oil palm was used in a 

primary set of analyses to investigate the classification abilities of spectroscopy for determining the quality 

of the oil palm. The classification analyses were conducted based on maturity stages. This section focuses 

on the ability of ANN to classify the maturity stages of oil palm. A total of 216 fruitlet samples (72 unripe 

samples, 72 ripe samples and 72 overripe samples) were used as input for ANN classification. The ANN 

classification was based on the reflectance spectral from 1 cm distance scanning. 

 

The classification algorithm was implemented using Orange Machine Learning Toolbox, an open-source 

software for machine and data analysis [27]. The open-source utility Orange is well-known for data 

visualization, ore-processing, and modelling. It’s an interactive tool built on the Qt framework with Phyton 

scripting capabilities [28]. To begin, all of the set sets were randomly divided into; 65% of the data was 

used for training, while the remaining 35% was used for prediction. 

 

3. RESULT AND DISCUSSION 

 

3.1 Statistical Characteristics of the samples 

The statistical characteristic of the oil content extracted from the fruitlet samples for different maturity 

stages at significant difference (p < 0.05) was shown in Table I. The statistical values of the oil content were 

obtained by calculating the ranges, means and standard deviations of these parameters. The highest means 

recorded for ripe stage with the value of 14.76 g while the lowest means recorded for unripe stage with the 

value of 4.3 g. In this study, it was found that the oil content was significantly affected by the different 

maturity stages of oil palm. 

 

TABLE 1. Statistical Characteristic of oil content for different maturity stages 

Maturity stage Minimum (g) Maximum (g) Mean (g) Standard deviation 

Unripe 0.2 12.08 4.3 3.48 

Ripe 10.40 26.11 14.76 5.42 

overripe 0.55 13.939 5.87 3.03 

 

Figure 3 shows a typical reflectance curve for oil palm fruitlet samples in the wavelength of 500 to 900 nm 

at 1 cm scanning distance for different ripeness stages. It was observed that fruitlets from ripe and overripe 
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stages showed similar pattern for peaks and depressions, while the unripe stage had different peaks and 

depressions from ripe and overripe stages. Within the study’s range, the peaks and depressions in spectra 

demonstrate the strong and weak reflectance features of the oil palm fruitlets, respectively [29]. The 

difference in spectral properties for each proportion is readily visible in this finding [9]. Since the change in 

colour of oil palm fruits can be distinguished during the fruit ripening process due to change in the 

concentration of chlorophyll and carotenoids pigments in the fruits, spectral reflectance measurement was 

taken to determine the change in these two pigment ratios. 

 

 
Fig. 3 Typical reflection spectra at different ripeness stages at 1 cm scanning distance 

 

The reflectance values in the visible range were higher due to the colour lighting of the bunch fruits over 

time. In the visible spectrum, the chlorophyll mostly absorbs blue and red coloured lights while reflecting 

green coloured light. In the visible region of the spectrum, chlorophyll is known as a and b, which have a 

high absorption band. According to [30], chlorophyll-a had maximum absorbance wavelength of 430 and 

662 nm while chlorophyll-b was at 453 and 642 nm. In oil palm fruits, the red colour appears due to the 

absence of red pigment (β-carotenes) with the absorbance peak range of 444 to 490 nm [31]. However, 

some researchers have recommended that the carotenes in oil palm can be determined using 

spectrophotometry at 446 nm range [32]. The quality of oil palm can be predicted using regression of 

spectral and chemical analyses if these properties are known. 

 

Figure 4 shows a typical average of reflectance curve for oil palm fruitlet samples scanned at different 

scanning distances between the range of 500 and 900 nm for ripe stages. It was observed that fruitlet 

samples from 1 cm to 5 cm distance have different peaks in the wavelength range of 650 to 700 nm. This 

pattern clearly shown, the different distances have varying effects on the reflectance value of the same 

sample. The 1 cm distance of scanning distance shows the higher value of reflectance compared to the other 

distances. This finding is similar to the study reported by [33]. 
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Fig. 4 Reflection spectra at different scanning distance 

 

3.2 The prediction of oil content 

The results of the PLS models established from all of the spectral data for each scanning distance were 

presented in the Table II. For all scanning distances, the prediction accuracy of both calibration and 

prediction models for oil palm fruitlets was generally good. For calibration models, regardless of the 

scanning distances, all the R2 values were above 0.80. For prediction models, the highest prediction 

accuracy was obtained from 0 cm distance with the R2 and RMSEP values of 0.95 and 1.00, respectively. 

The lowest prediction accuracy was recorded for 5 cm scanning distance with the R2 value of 0.80. 

 

Figure 5 (a) shows the calibration models for oil content while Figure 5 (b) shows the prediction models for 

oil content prediction at 1 cm distance. Both the calibration and validation models of the oil content 

prediction model performed well. The R2 of the calibration model was 0.89, and the RMSEC was 1.40. The 

R2 for validation model was 0.93 and the RMSEP was 1.11. When the R2 values for both calibration and 

validation were high, but the RMSEC and RMSEP values were low, this model was considered adequately 

accurate. 

 

       
Fig. 5 (a) and (b) Performance of PLS model for predicting oil content were obtained at 1 cm scanning 

distance from sample 
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Table 2 shows the prediction accuracy decreased as the scanning distance increased. The finding was 

reasonable because the scanning distance will determine the intensity of the light detected by the detector. 

Once the scanning distance was increased, the light intensity that reaches the detector was decreased. One 

more factor was the inclusion of the reflectance data from the background surface. This was because, when 

the distance was increased, the scanning area will be increased. Since more light is absorbed as the travel 

path lengthens, the relative reflectance value decreases [34]. 

 

TABLE 2. Performances of PLS models for predicting oil content at different scanning distances 

Distance, cm RMSEC R
2
 RMSEP R

2
 

0 1.56 0.87 1.00 0.95 

1 1.40 0.89 1.11 0.93 

2 1.93 0.82 1.60 0.86 

3 2.79 0.64 1.71 0.83 

4 2.37 0.73 1.60 0.80 

5 2.77 0.74 1.80 0.80 

 

3.3 Maturity classification by Artificial Neural Network (ANN) 

Table 3 shows the result of ANN model of the maturity prediction for oil palm. This model shows an 

excellent overall classification accuracy of 94%. It can be seen from the table that two main classes 

representing overripe and unripe stages had achieved 100% accuracy. However, the ripe stage gave lower 

accuracy. The low accuracy which is misclassification was probably because this maturity stage had oil 

content which were in a borderline between dominant stages. Therefore, they had reflectance spectral close 

to the dominant stages. Overall, this finding is better than the result reported by [35], [36] are employed 

different classification analysis for discriminating ripeness oil palm with accuracy of 80% and 85% 

respectively. In nutshell, the findings of this study suggest that the VSNIR spectroscopy in combination 

with ANN classifier is a promising technology to non-destructively predict and classify maturity levels of 

oil palm. 

 

TABLE 3. Classification result using artificial neuron network 

Maturity stage No. of samples 
No. of correctly 

classified 

Classification 

accuracy 

(%) 

Unripe 36 36 100 

ripe 36 30 85.7 

Overripe 36 36 100 

Average accuracy (%) 94 
 

4. CONCLUSION 

This study showed that the spectroscopic approach can be used to predict oil content from fruitlet samples 

of FFB. However, the prediction accuracy was affected by the scanning distances. It was found that 

scanning approach with the probe attached to the samples at a distance of 0 cm distance gave good 

prediction accuracy with R2 and RMSEP values of 0.87 and 0.74, respectively. The prediction accuracy 

was found to decrease as the distance increased. ANN was also found to be able to classify the fruitlets 

samples into different maturity stages with 94% classification accuracy. Therefore, it was concluded that 

spectroscopy method can be used for prediction of the oil contents from the fruitlet samples. ANN 

http://www.shin-norinco.com/
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classification could also be applied to classify fruitlet samples into different maturity stages. 
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