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Abstract—Five laser diodes of 532, 660, 785, 830 and 1060 

nm laser light backscattering imaging (LLBI) were 

employed for quality attribute prediction and ripening stage 

classification of banana. A support vector machine (SVM) 

was tested to establish the theoretical prediction and 

classification models to predict chlorophyll, elasticity and 

soluble solids content (SSC) and also to classify the bananas 

into six ripening stages. The classification was set up with 

six ripening stages 2-7. Wavelengths of 532, 660 and 785 nm 

gave high correlation coefficients both for banana quality 

prediction and ripeness classification. The results show that 

the highest correlation coefficients of 0.912, 0.945 and 0.872 

were obtained for chlorophyll, elasticity and SSC at 785, 

660 nm respectively. An overall classification accuracy of 

92.5 % was recorded at 830nm. These results show that 

LLBI with the SVM model can be used for non-destructive 

estimation of banana quality attributes and the subsequent 

ripeness classification.  

 

Index Terms—laser diodes, banana, elasticity, ripeness, 

chlorophyll, quality 

 

I. INTRODUCTION 

Banana, which originated from India in Eastern Asia, 

has over 1000 varieties and has been cultivated in 

approximately 135 countries in the world with the 

Cavendish banana as the most cultivated and common 

variety. Banana is one of the world’s top leading food 

crops apart from rice, maize and wheat [1]. It is widely 

consumed with about ninety percent of production 

consumed in or around the production areas in Asia, 

Latin America and Africa [1], [2]. Banana has been used 

in other forms such as in the production of puree, jams, 

wines, pastries, desserts, sorbet ice-creams and cream 

products [3], [4]. 

Since attention is at present focused on quality and 

safety of fruit for consumption, concerted efforts in 
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technologies that will estimate the qualities of banana 

become a vital concern [5], [6]. Currently, banana sorting 

is done manually using colour as the main quality 

attribute [7]. Banana is a climacteric fruit which is 

harvested at the optimum stage of maturity to achieve 

effective ripening and good eating quality [8], [9]. Many 

methods are currently employed to determine these 

qualities. However these methods are mostly destructive 

and also subjective because their operation is human 

dependent which could give inconsistent results. To 

address these shortcomings, non-destructive optical-based 

methods are receiving greater consideration. 

Laser light backscattering imaging (LLBI) is an 

emerging technology that is non-destructive and suited 

for measurement of fruit quality attributes. Its operation is 

fast, requires less sample preparation and allows for 

multiple measurements of various attributes concurrently 

[10]-[12]. Some research works has been reported using 

LLBI, for example; Ref. [11] reported the use of LLBI to 

discriminate decaying citrus from sound ones; Ref. [13] 

reported the application of LLBI to predict the 

mechanical properties of selected horticultural crops; Ref. 

[14] reported a work on the potential of LLBI to monitor 

chilling injuries in banana. Although quite a few numbers 

of works have been done using LLBI in postharvest 

handling, an extension of the research works is still 

required in order to verify its potential. Thus, the 

objective of this work is to determine the application of 

LLBI to predict the elasticity, SSC and chlorophyll and 

ripening stages of banana by using support vector 

machine (SVM) as a prediction and classification model.  

II. MATERIALS AND METHODS 

A. Sample Preparations 

Banana at ripening stage 2 were collected at a ripening 

facility in Potsdam, Germany. The bananas were stored at 

14 °C which was the recommended temperature for 
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storage [15], [16]. Two hundred and seventy fingers of 

bananas with uniform size and free from any defects, 

contamination and disease were used for this work. The 

backscattering images of the bananas for ripening stage 2 

were acquired immediately and subsequent measurements 

of the other ripening stages were completed as each of the 

ripening stages were reached. Forty five banana fingers 

were measured non-destructively at each measuring stage 

and the same samples were used for destructive 

measurements. 

A ∆A meter was used for the pigment measurement 

(Chlorophyll). The ∆A index is a measure of the 

chlorophyll content in a fruit, in other words, it is a 

measure of its ripeness state. The index decreases in 

value during the ripening process and reaches very low 

values till the ripening is complete. The ∆A meter 

measurement was undertaken on both sides of the banana 

at the central area and the mean value of the readings was 

recorded. 

The elasticity test was performed on the banana fingers 

using a TA.XT Plus Texture Analyser (Stable Micro 

Systems, Godalming Surrey UK) with a 12 mm diameter 

ball probe. Sample firmness was measured at three 

different points on the banana fingers at both edges and 

the central area. The average was then recorded. The SSC 

of banana was measured at room temperature using a 

digital handheld refractometer (DR 301-95; A. Kruss 

Optronic Germany). Three different positions on the 

banana finger, both edges and the central areas, were used. 

Samples were taken from those positions then mashed 

and the mashed pulp placed on a clean dry refractometer 

prism and readings were taken directly. The SSC 

recorded for a banana finger was the average of the three 

readings taken. The SSC was expressed as %Brix. The 

destructive test followed immediately after the acquiring 

backscattering images. 

B. Laser Light Backscattering Imaging System 

The imaging system used for the research was 

developed and assembled by the Leibniz-Institute for 

Agricultural Engineering, Potsdam-Bornim (ATB), 

Germany [10]. The system comprised of a CCD camera 

made in Japan (CV-A50IR, JAI Ltd, Japan) with a zoom 

lens F2.5 and focal length 18-108 mm (12VG1040 ASIR-

SQ, Tamron Co. Ltd, Japan), and a desktop computer for 

controlling the camera and for image capture and storage. 

The images were captured using five solid-state laser 

diode modules simultaneously. The five laser diodes 

wavelengths were 532, 660, 785, 830, 1060 nm with 

power ratings of between 10 to 85 mW which also served 

as light sources. The camera captured the fraction of 

backscattered light from the surface of the fruit and 

transferred it to the computer. The setup of the LLBI 

system is shown in Fig. 1. 

Acquisition of the images was done in the dark to 

prevent direct illumination from the outside which may 

result in interference. Images of 720 × 576 pixel with a 

resolution of 0.133 mm/pixel were acquired. The laser 

diodes were positioned to direct the laser beam of 1 mm 

towards the top of the fruit [17]. The incident angles of 

the diodes varied between 5° and 15° with respect to the 

vertical axis. Ref. [18] recommended that to obtain an 

image that is symmetrical with respect to the incident 

point the incident angle and beam size must be small. The 

images were acquired by manually placing each banana 

finger on the fruit platform on the system with the point 

to measure facing the camera. Five images were captured 

simultaneously for each of the fruit. Therefore a total of 

1350 images were captured for 270 banana fingers. 

 

 

Figure 1.  LLBI System showing the CCD and laser diodes. 

C. Prediction and Classification Algorithms 

SVM is a supervised machine learning technique that 

has a demonstrated capability in many areas of biological 

analysis [19], [20]. SVM was established on the principle 

of structural risk minimisation and has been tested to be 

an impressive and potent method for both classification 

and regression. SVM is not limited to separating entities 

into correct classes but also possesses the ability to 

pinpoint instances whose class is not backed by the data 

[21]. Ref. [22] employed SVM for the classification of 

astringent persimmon into unripe, mid-ripe, ripe and 

overripe fruits. 

A total of 270 banana fingers were used for the 

analysis. 192 samples representing 70 % comprised of 32 

samples from each ripening stage were used for model 

training and the remaining 78 samples representing 30 % 

were used to test the models. The models were developed 

using leave-one-out cross validation. The performance of 

the regression models for the attribute predictions were 

evaluated using standard error of calibration (SEC) and 

standard error of prediction (SEP) and the coefficient of 

determination (r
2
). Ref. [23] reported that a model could 

be considered good when the r
2
 is high and low SEC and 

SEP values with a minimum difference between both 

parameters. These criteria were used to evaluate the 

performance of the models as shown in the following 

equations 1, 2 and 3:   
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where ýi is the attribute value predicted by the model for 

fruit number i; yi is the attribute measured value for the 

fruit number i; cI is the number of samples used to build 

the model; pI is the number of samples in the test set. For 

the classification, the performance of the classifiers was 

undertaken using specificity and sensitivity. 

D. Specificity 

Specificity is the capability of a classifier to correctly 

preclude classes or individuals that do not belong to a 

particular class. It is usually expressed as false positive 

result. The more specific a classification is, the fewer 

“false-positive” results it produces. A false-positive result 

often leads to misclassification. Even though few if any 

classifiers succeed in classifying correctly 100 % of the 

time, it is necessary that the classifier should produce 

only a small proportion of false-positive or false-negative 

results. 
TN

Specificity
TN FP




                      (4) 

where TN is true negative, FP is false negative. 

E. Sensitivity 

Sensitivity is the capability of a classifier to correctly 

identify classes or individuals belonging to a particular 

class. It is usually expressed as false-negative result. The 

fewer the false-negative results a classifier produces the 

more sensitive the classifier is. A false-negative result 

refuses to classify an individual to a class even though it 

belongs to that class. 

TP
Sensitivity

TP FN




                    (5) 

where TP is true positive, FN is false positive. 

F. Classification of Banana into Six Ripening Stages 

For the classification of the ripening stages, samples of 

each ripening stage were divided at random into two 

groups. Some 70 % of the 270 samples, which is 192, 

was used for model development and training while the 

remaining 30 % was used for model testing. In order to 

achieve better evaluation results for the models the 

training and test operations were repeated ten times. The 

averages of the ten times are reported in this report. 

G. Statistical Analysis 

The image and statistical analyses were carried out 

using Matlab R2015b (The MathWorks Inc., Natick, MA, 

USA) and WEKA. 

III. RESULTS AND DISCUSSION 

A. Chlorophyll Prediction 

From Table I, the r
2
 values of 0.867, 0.91, 0.912, 0.899 

and 0.88 were achieved for 532, 660, 785, 830 and 

1060 nm respectively. The wavelengths of 660 and 

750 nm gave the highest r
2
 values. The results also show 

that the difference between the SEC and SEP is very 

small which implies that the model prediction is good. It 

should be noted that the wavelength at which higher 

correlation occurs is within the visible range and 

therefore these wavelengths in the visible range provide 

more information as regards to chlorophyll absorption. 

During ripening, the chloroplast is de-differentiated and 

there is degradation of the chlorophyll which is 

responsible for colour changes in most fruits, particularly 

in banana, thus changing from green in the earlier stage 

of ripening to yellow in the latter stages of ripening [24].  

TABLE I.  REGRESSION PERFORMANCE OF SVM MODELS FOR 

PREDICTING CHLOROPHYLL, FIRMNESS AND SSC 

Parameter Wavelength (nm) 

Calibration Prediction 

SEC r2 SEP r2 

Chlorophyll 

532 0.071 0.909 0.068 0.867 

660 0.065 0.932 0.061 0.91 

785 0.066 0.912 0.062 0.912 

830 0.064 0.905 0.061 0.899 

1060 0.068 0.903 0.068 0.88 

Elasticity 

532 0.418 0.925 0.417 0.929 

660 0.331 0.922 0.327 0.945 

785 0.525 0.921 0.521 0.937 

830 0.357 0.921 0.354 0.932 

1060 0.376 0.922 0.375 0.938 

SSC 

532 2.494 0.891 2.402 0.828 

660 1.988 0.932 1.971 0.872 

785 2.718 0.856 2.5585 0.831 

830 2.688 0.852 2.576 0.832 

1060 2.765 0.874 2.638 0.809 

B. Elasticity Prediction 

Elasticity has been reported to decrease with increasing 

ripeness in fruits, and banana is not an exception. During 

ripening there is pigment accumulation and changes in 

the cell wall which results in the softening of the fruit, 

thereby leading to decreasing firmness as ripening 

proceeds [24]. The firmness of the banana reduces with 

increasing ripening stage. The SVM model gave high r
2
 

for firmness prediction for all the wavelengths with 

660 nm recording the highest value with 0.946. 

C. SSC Prediction 

As fruit ripens there is increase in soluble pectic 

polysaccharide that accompanies the softening of the fruit 

tissue. The changes in wall properties that occur during 

ripening result in modification of water relations in fruit 

tissues and this leads to solute reorganisation between the 

tissue compartments. For the SSC prediction, the SVM 

model gave r
2
 values of 0.828, 0.872, 0.831, 0.832 and 

0.809 for 532, 660, 785, 830 and 1060 nm wavelengths 

respectively. It was also noted that the 660 nm 

wavelength gave the highest r
2
 and the difference 

between the SEC and SEP were all small for all the 

wavelengths that were used. This implies that the 

prediction model is good. 

From Table II to Table VI, the confusion matrixes of 

the classification show that most of the errors are due to 

the samples being misclassified to the adjacent classes. 
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TABLE II.  CLASSIFICATION RESULT USING SVM WITH BACKSCATTERING DATA AT 532 NM 

Ripening 

Stage 

Numbera Ripening Stageb FN Error 

Rate(%) 

FP Error 

Rate(%) RP2 RP3 RP4 RP5 RP6 RP7 

RP2 110 100 0 0 0 0 0 0 0 
  (110) (0) (0) (0) (0) (0)   

RP3 130 0 100 0 0 0 0 0 0 

  (0) (130) (0) (0) (0) (0)   

RP4 120 0 0 75 16.7 8.5 0 25 5.5 
  (0) (0) (90) (20) (10) (0)   

RP5 120 0 0 25 50 25 0 50 5.5 

  (0) (0) (30) (60) (30) (0)   

RP6 80 0 0 0 12.5 87.5 0 12.5 6.8 
  (0) (0) (0) (10) (70) (0)   

RP7 110 0 0 0 0 9.1 90.9 9.1 0 

  (0) (0) (0) (0) (10) (100)   
a The number of samples used for the test of each ripening stage multiplied by the number of runs (10 runs). 
b Ripeness stages in percentage with sample number for 10 runs in brackets. 

TABLE III.  CLASSIFICATION RESULT USING SVM WITH BACKSCATTERING DATA AT 660 NM 

Ripening 
Stage 

Numbera Ripening Stageb FN Error 
Rate(%) 

FP Error 
Rate(%) RP2 RP3 RP4 RP5 RP6 RP7 

RP2 110 100 0 0 0 0 0 0 0 

  (110) (0) (0) (0) (0) (0)   

RP3 130 0 100 0 0 0 0 0 0 

  (0) (130) (0) (0) (0) (0)   

RP4 120 0 0 83.3 16.7 0 0 16.7 3.6 

  (0) (0) (100) (20) (0) (0)   

RP5 120 0 0 16.7 66.7 16.7 0 33.3 7.3 

  (0) (0) (20) (80) (20) (0)   

RP6 80 0 0 0 25 75 0 22 5.1 

  (0) (0) (0) (20) (60) (0)   

RP7 110 0 0 0 0 9.1 90.9 9.1 0 

  (0) (0) (0) (0) (10) (100)   
a The number of samples used for the test of each ripening stage multiplied by the number of runs (10 runs). 
b Ripeness stages in percentage with sample number for 10 runs in brackets. 

TABLE IV.  CLASSIFICATION RESULT USING SVM WITH BACKSCATTERING DATA AT 785 NM 

Ripening 
Stage 

Numbera Ripening Stageb FN Error 
Rate(%) 

FP Error 
Rate(%) RP2 RP3 RP4 RP5 RP6 RP7 

RP2 110 100 0 0 0 0 0 0 0 

  (110) (0) (0) (0) (0) (0)   

RP3 130 0 84.6 15.4 0 0 0 15.4 0 
  (0) (110) (20) (0) (0) (0)   

RP4 120 0 0 83.3 16.7 0 0 16.7 7.3 

  (0) (0) (100) (20) (0) (0)   

RP5 120 0 0 16.7 83.3 0 0 16.7 5.5 
  (0) (0) (20) (100) (0) (0)   

RP6 80 0 0 0 12.5 87.5 0 12.5 0 

  (0) (0) (0) (10) (70) (0)   

RP7 110 0 0 0 0 0 100 0 0 
  (0) (0) (0) (0) (0) (110)   

a The number of samples used for the test of each ripening stage multiplied by the number of runs (10 runs). 
b Ripeness stages in percentage with sample number for 10 runs in brackets. 

TABLE V.  CLASSIFICATION RESULT USING SVM WITH BACKSCATTERING DATA AT 830 NM 

Ripening 
Stage 

Numbera Ripening Stageb FN Error 
Rate(%) 

FP Error 
Rate(%) RP2 RP3 RP4 RP5 RP6 RP7 

RP2 110 100 0 0 0 0 0 0 0 

  (110) (0) (0) (0) (0) (0)   

RP3 130 0 92.3 7.7 0 0 0 7.7 0 
  (0) (120) (10) (0) (0) (0)   

RP4 120 0 0 100 0 0 0 0 7.3 

  (0) (0) (120) (0) (0) (0)   

RP5 120 0 0 25 66.7 8.3 0 33.3 0 
  (0) (0) (30) (80) (10) (0)   

RP6 80 0 0 0 0 100 0 0 1.7 

  (0) (0) (0) (0) (80) (0)   

RP7 110 0 0 0 0 0 100 0 0 
  (0) (0) (0) (0) (0) (110)   

a The number of samples used for the test of each ripening stage multiplied by the number of runs (10 runs). 
b Ripeness stages in percentage with sample number for 10 runs in brackets. 
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TABLE VI.  CLASSIFICATION RESULT USING SVM WITH BACKSCATTERING DATA AT 1060 NM 

Ripening 

Stage 

Numbera Ripening Stageb FN 

Error 
Rate(%) 

FP 

Error 
Rate(%) RP2 RP3 RP4 RP5 RP6 RP7 

RP2 110 100 0 0 0 0 0 0 0 

  (110) (0) (0) (0) (0) (0)   

RP3 130 0 69.2 30.8 0 0 0 30.8 1.9 
  (0) (90) (40) (0) (0) (0)   

RP4 120 0 8.3 75 16.7 0 0 25 14.5 

  (0) (10) (90) (20) (0) (0)   

RP5 120 0 0 33.3 41.7 25 0 58.3 9.1 
  (0) (0) (40) (50) (30) (0)   

RP6 80 0 0 0 25 75 0 25 5.1 

  (0) (0) (0) (20) (60) (0)   

RP7 110 0 0 0 9.1 0 90.9 9.1 0 

  (0) (0) (0) (10) (0) (100)   
a The number of samples used for the test of each ripening stage multiplied by the number of runs (10 runs). 
b Ripeness stages in percentage with sample number for 10 runs in brackets. 

 

In summary, the 830 nm wavelength shows the lowest 

misclassified errors with 92.5 % correct classification 

(Table VII). The lowest correct classification was scored 

by 1060 nm with 74.6 % while 532, 660 and 785 nm 

show quite good classification results with 83.6 %, 

86.6 % and 89.6 % respectively.  

TABLE VII.  TYPE SIZES FOR CAMERA-READY PAPERS 

Wavelength (nm) Performance (%) 

532 83.6 

660 86.6 

785 89.6 

830 92.5 

1060 74.6 

IV. CONCLUSION 

In this paper, the backscattering data with reference 

measurements using five laser diodes of wavelength 523, 

660, 785, 830 and 1060 nm were used to predict quality 

attributes and to discriminate banana into different 

ripening stages. An SVM model was built both to predict 

the quality attributes of banana and also to classify the 

banana into different ripening stages. It was discovered 

that wavelengths of 532, 660 and 785 nm gave consistent 

results with all the models evaluated. In conclusion, this 

study has shown that backscattering imaging could be an 

effective and efficient means for analysis of banana 

quality attributes and ripening stages. 
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