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Abstract 17 

Loquat (Eriobotrya japonica L.) is an important fruit for the economy of some 18 

regions of Spain that is very susceptible to mechanical damage and physiological 19 

disorders. These problems depreciate its value and prevent it from being exported. 20 

Visible (VIS) and near infrared (NIR) hyperspectral imaging was used to discriminate 21 

between external and internal common defects of loquat cv. ‘Algerie’. Two classifiers, 22 

random forest (RF) and extreme gradient boost (XGBoost), and different spectral pre-23 

processing techniques were evaluated in terms of their capacity to distinguish between 24 
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sound and defective features according to three approaches. In the first approach the 25 

fruit pixels were classified into two classes, sound or defect, with a 97.5% rate of 26 

success; in the second the defective features were considered internal or external 27 

defects, achieving a 96.7% rate of success; and in the third approach each type of defect, 28 

i.e. purple spot, bruising, scars and flesh browning, were considered separately with a 29 

correct classification rate of 95.9%. The results indicated that the XGBoost classifier 30 

was the best method in all cases. 31 

Keywords: Eriobotrya japonica; quality, non-destructive; artificial vision; 32 

classification; multivariate analysis  33 

 34 

  35 
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1. INTRODUCTION 36 

Loquat fruit (Eriobotrya japonica L.) is native to China, which ranks first in the 37 

world in terms of production. Spain is the main loquat-producing Country in the 38 

Mediterranean region and the world’s main exporter (Besada et al., 2017). Production is 39 

focused on the ‘Algerie’ cultivar, which accounts for > 80% of the total crop. 40 

Furthermore, part of its interest lies in the fact that production is concentrated in a short 41 

period (from mid-April to the end of April), when there is little competition with other 42 

fruit on the market (Ballester et al., 2018). 43 

Loquat is a very delicate fruit that is easily damaged by wind, which allows the 44 

leaves to scratch the fruit, thereby favouring the appearance of russeting. In some 45 

production regions of Spain, mainly in Callosa d’en Sarrià (Alicante, Spain), the crop is 46 

protected by screens in order to prevent wind damage, while humidity and temperature 47 

are controlled by irrigation (Soler et al., 2007). This fruit is also susceptible to bruising 48 

as a result of mechanical damage during harvest or postharvest handling (Cañete et al., 49 

2015). Regarding physiological disorders, loquat fruit is highly sensitive to purple spot, 50 

which is associated to changes in flesh-rind water relations during fruit development, 51 

causing a dehydration process in the rind that is responsible for the purple spot (Gariglio 52 

et al., 2005, 2008). Another disorder is the browning of the flesh due to high 53 

temperatures before or after harvest and longer storage times (Kader, 1999).  54 

Traditionally, quality inspection in packinghouses has been carried out by operators 55 

who visually assessed the external features of the skin related to the quality standards of 56 

the market. As the decisions made by operators are affected by subjective psychological 57 

factors such as fatigue or acquired habits, there is a high risk of human error or lack of 58 

criteria in the fruit sorting processes. These drawbacks can be prevented by using 59 

automated inspection systems based on computer vision for quality inspection and fruit 60 
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sorting (Cubero et al., 2011). Standard computer vision methods based on colour 61 

cameras have been designed to mimic the human eye. However, hyperspectral imaging 62 

systems allow the possibility of inspection beyond the capabilities of the human eye. 63 

For instance, some damage or defects can often be observed in particular regions 64 

outside the visible spectrum, or their detection may be enhanced at certain specific 65 

wavelengths (Blasco et al., 2017). Hyperspectral imaging has previously been used in 66 

numerous works to detect physical damage or defects in pears (Lee et al., 2014), 67 

peaches (Zhang et al., 2015), apples (Zhang et al., 2018), mangoes (Velez-Rivera et al., 68 

2014), oranges (Gómez-Sanchis et al., et al., 2013) or potatoes (López-Maestresalas et 69 

al., 2016). Regarding loquat fruit, Zhu et al., (2017) studied TSS in loquat using visible 70 

(VIS) and near infrared (NIR) hyperspectral imaging with partial least squares (PLS). 71 

Zhou et al., (2017 and 2018) used the imaging technique of optical coherence 72 

tomography (OCT) to discriminate hidden bruises. Yu et al. (2014) used hyperspectral 73 

imaging to detect some defects in loquats cv. ‘Luoyangqing’. They used the mean 74 

spectra of each defect and the partial least squares method (PLS) to calibrate the 75 

models. PLS is widely used in hyperspectral imaging to extract and summarise spectral 76 

information from hyperspectral images, to reduce the high dimensionality of the 77 

spectral data and to overcome the problem of multicollinearity (Vinzi et al., 2010; 78 

Lorente et al., 2012). More complex machine learning methods are becoming promising 79 

methods of extracting knowledge from hyperspectral images due to their high accuracy 80 

in classification problems. This is the case of random forests (RF) and extreme gradient 81 

boost (XGBoost) (Chen & Guestrin, 2016), which are decision-tree-based ensemble 82 

algorithms that have already been implemented in different fields such as in remote 83 

sensing (Belgiu & Drăguţ, 2016), detection of food adulteration (Santana, Neto & 84 

Poppi, 2019), detection of pesticide residues in fruit (Mohite et al., 2017), disease 85 
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diagnosis (Yang et al., 2019) and prediction of the direction of stock market prices 86 

(Basak et al., 2019), respectively. 87 

The aim of this study is to distinguish the pixels that belong to common defects of 88 

loquat cv. ‘Algerie’ such as purple spot, russeting, bruising and flesh browning by using 89 

hyperspectral imaging combined with two machine learning algorithms, RF and 90 

XGBoost. To achieve this aim, three different approaches which correspond to different 91 

needs of the industry are proposed: a first approach to classify the samples sound or 92 

defective (two classes); a the second approach to distinguish sound fruit, and internal or 93 

external defects (three classes); and a third approach to discriminate between sound 94 

fruits and four types of defect, identifying each type of defect (five classes). 95 

 96 

2. MATERIAL AND METHODS 97 

 98 

2.1. Fruit samples 99 

In this study, loquat fruits cv. ‘Algerie’ were obtained from Cooperativa Agrícola de 100 

Callosa d'en Sarrià (Alicante, Spain). A total of 134 fruits with sound skin and flesh and 101 

with different external and internal defects were used (Figure 1). Since some fruit 102 

presented more than one feature at the same time, samples of sound and defective fruits 103 

were selected by internal defects as flesh browning (36) and bruising (55), external 104 

defects as russeting (17) and purple spot (26), and sound fruits (77). The digits in the 105 

parentheses mean the number of samples for each class: 106 



6 
 

 107 

Figure 1. Example of common defects in ‘Algerie’ loquat fruit. Flesh browning (a), 108 

bruising (b), russeting (c), purple spot (d), and a sound fruit (e). The first row shows the 109 

intact loquats, the second row shows the same loquats without peel, and the third row 110 

the half-cut loquats. 111 

 112 

2.2 Hyperspectral image acquisition and processing 113 

The hyperspectral images were captured with a system composed of an industrial 114 

camera (CoolSNAP ES, Photometrics, AZ, USA), coupled to two liquid crystal tuneable 115 

filters (Varispec VIS-07 and NIR-07, Cambridge Research & Instrumentation, Inc., 116 

MA, USA). The camera was configured to acquire images with a size of 1392 × 1040 117 

pixels and a spatial resolution of 0.14 mm/pixel at 60 different wavelengths every 10 118 

nm, in the working spectral range of 450 nm − 1040 nm. In order to prevent problems 119 

with unfocused images due to the refraction of light across this wide spectral range, the 120 

focus was adjusted on the central band of the acquisition interval (740 nm) and the 121 

images were captured using lenses capable of covering the whole spectral range without 122 

going out of focus (Xenoplan 1.4/23, Schneider Optics, Hauppauge, NY, USA). To 123 

optimise the dynamic range of the camera, prevent saturated images and correct the 124 
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spectral sensitivity of the different elements of the system, a calibration of the 125 

integration time of each band was performed capturing the average grey level of a white 126 

calibration target (Spectralon 99%, Labsphere, Inc, NH, USA) corresponding to 90% of 127 

the dynamic range of the camera.  128 

The scene was illuminated by indirect light from twelve halogen spotlights (37 W) 129 

(Eurostar IR Halogen MR16. Ushio America, Inc., CA, USA) powered by direct current 130 

(12 V) and arranged equidistant from each other inside a hemispherical aluminium 131 

diffuser. The samples were introduced manually into a fruit holder. The inner surface of 132 

the aluminium diffuser was painted white to maximise its reflectivity, but with a rough 133 

texture in order to minimise directional reflections, which could cause bright spots; this 134 

setup resulted in a highly homogeneous light.  135 

Hyperspectral images of the fruit were obtained with the defects (if any) facing the 136 

camera. White and dark reference images were obtained using the white calibration 137 

target and by covering the lens with the cap, respectively. Image processing started with 138 

the correction of the relative reflectance using the white and a dark reference using 139 

equation (1) (Gat, 2000): 140 

 141 

 𝜌𝑥𝑦(𝑥, 𝑦, λ) =
Rabs

Rwhite
abs = ρRef(λ)

R(x,y,λ)−Rblack(x,y,λ)

Rwhite(x,y,λ)−Rblack(x,y,λ)
                             (1) 142 

 143 

where ρRef(λ) is the reflectance of the white calibration target (99%), R(x,y,λ) is the 144 

reflectance of the fruit captured by the sensor of the camera, Rwhite(x,y,λ) is the 145 

reflectance of the white reference target, and Rblack(x,y,λ) is the reflectance captured 146 

while avoiding any light source in order to quantify the electronic noise of the sensor.  147 

The spectra corresponding to sound skin and flesh and each of the defects studied 148 

were extracted from the images of the fruit. For this purpose, regions of interest (ROI) 149 
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were selected in the images and the spectrum of each pixel in the ROI was extracted. 150 

Thus, a total of 22140 spectra were obtained corresponding to pixels of the following 151 

classes: sound skin and flesh (7733), purple spot (1738), russeting (478), bruising 152 

(5871) and flesh browning (6320). 153 

The classes in training and test sets are unbalanced, as the number of pixels of each 154 

class in the images is quite different. However, ensemble classifiers like Random Forest 155 

and XGBoost can deal with unbalanced classes better than conventional classifiers 156 

(Galar et al, 2012). Moreover, the results were tested to check if the results were biased. 157 

The data obtained were ordered in a matrix. The 22140-pixel samples were situated in 158 

rows and the features and labels variables were situated in columns. The predictor 159 

variables (X-variables) were the spectral data (60 wavelengths from 450 nm to 1040 160 

nm) while the target variables (Y-variables) were the classes, called sound or defect in 161 

the first approach, sound, external or internal defect in the second, and sound, purple 162 

spot, russeting, bruising and flesh browning in the third approach.  163 

 164 

2.3 Data analysis 165 

All the data analyses were performed using the R software environment version 166 

3.6.3 (https://www.r-project.org) and the mlr package (Machine Learning in R) version 167 

2.17.1 (https://mlr.mlr-org.com).  168 

The data on all sound and defective features were randomly partitioned into a 169 

training set of 15497 samples (70%) and an independent test set of 6643 samples (30%) 170 

(Mollazade et al., 2017). These distribution was used in the three approaches. 171 

Two ensemble machine learning algorithms RF and XGBoost were tested and 172 

compared to PLS, considered a baseline method in this work. These methods were used 173 

to classify the pixels of the images of the fruits into any of the predefined classes in 174 

https://www.r-project.org/
https://mlr.mlr-org.com/
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order to achieve the image segmentation. If the defective area was higher than 10% of 175 

the total area of the fruit, the defect was considered to be present. This value was chosen 176 

arbitrarily since the quality standards of loquat 177 

(https://www.juntadeandalucia.es/export/drupaljda/o27_87.pdf) only state subjective 178 

quality parameters such as the absence of defects, light defects, small lesions, etc. 179 

PLS searches for a linear multivariate model of latent variables by projecting 180 

prediction variables X and response variables Y into a new latent space where the 181 

covariance between these latent variables is maximised. The goal is to find the latent 182 

multidimensional direction in the data space that explains the direction of the maximum 183 

multidimensional covariance in the Y space (Lorente et al., 2012).  184 

The RF and XGBoost algorithms use a series of classification and regression trees 185 

(CARTs) to make a prediction using bagging or boosting approaches (Breiman, 2001; 186 

Nobre & Neves, 2019). In the case of RF, the trees are created by drawing a subset of 187 

training samples through replacement (a bagging or bootstrap aggregation approach) 188 

(Belgiu & Drăguţ, 2016). This means that the same sample can be selected several 189 

times, while others may not be selected at all. In this work, two-thirds of the samples of 190 

the calibration set was used to train the trees. The remaining third was used in internal 191 

cross-validation (CV) for estimating how well the resulting RF model performs 192 

(Breiman, 2001; Belgiu & Drăguţ, 2016). XGBoost is based on Friedman’s (2001) 193 

gradient boosting. The main principle of this approach is to iteratively fit a sequence of 194 

weak learners to weighted versions of the training data. After each iteration, more 195 

weight is given to training samples that were misclassified in earlier rounds. At the end 196 

of the process, all of the successive models are weighted according to their performance 197 

and the outputs are combined using voting for classification problems or averaging for 198 

regression problems, thereby creating the final model (Nobre & Neves, 2019).  199 

https://www.juntadeandalucia.es/export/drupaljda/o27_87.pdf
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2.3.1 Optimisation of the classifier parameters 200 

This process was done using only samples in the training set. The selection of the 201 

optimum parameters for each classifier was performed using 200 random models and 202 

the Monte Carlo method. The training parameters tested for PLS were the number of 203 

latent variables (from 5 to 10), the probability function of the model output (softmax 204 

and Bayesian) and method (kernelpls, widekernelpls, simpls and oscorepls). For RF, the 205 

parameters tested were the number of trees allowed in each model (from 500 to 1000), 206 

the maximum size allowed for the node of a tree (from 10 to 100) and the number of 207 

randomly chosen variables used to build the trees (from 2 to 20). Finally, the training 208 

parameters tested for XGBoost were the times the data were passed to the model during 209 

training (from 10 to 80), the maximum depth of a tree made it possible to control for 210 

overfitting (from 1 to 40), the minimum number of samples of a node for it to be 211 

considered a terminal node in order to control for overfitting (from 1 to 20), the 212 

minimum loss of information to divide a node (from 0.30 to 0.85), the constant of 213 

pruning to avoid overfitting (from 0.001 to 0.8), the degree of randomness in the 214 

division of the data set to build the model (0.1 to 0.9), and the ratio of the variables 215 

chosen to build each tree (from 0.1 to 0.9). 216 

 217 

2.3.2 Performance of the models 218 

After determining the best parameters for each classifier, several pre-processing 219 

techniques were applied to the spectra for each of the three classification approaches. 220 

The techniques used were Standard Normal Variate (SNV), Moving Average + SNV 221 

(movav+SNV), Savitzky Golay smoothing + SNV (SG+SNV), first derivative + SNV 222 

(1D+SNV), second derivative + SNV (2D+SNV) and Gap segment derivative + SNV 223 

(GapD+SNV). The raw data (RAW) was also used to build the models. 224 
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In the first approach, the samples were classified only into two classes, sound or 225 

defect. In the second approach, the defects were separated according to the presence of 226 

external (russeting and purple spot) or internal defects (bruising and flesh browning) 227 

and, in the third approach, every single type of defect was considered and identified 228 

separately.  229 

The models with all the spectral pre-processing methods were validated using the 230 

training set of samples through 3-fold CV with 10 repetitions in order to determine their 231 

robustness. The results obtained using CV and independent test sets are presented as 232 

confusion matrices. In the case of approach I, as the classification was binary, the 233 

performance of the models was expressed in terms of the area under the receiver 234 

operating characteristic (ROC) curve (AUC). The ROC curve is a two-dimensional 235 

representation of classifier performance in which the rate of true positives is plotted on 236 

the Y-axis and the rate of false positives is plotted on the X-axis (Fawcett, 2006). The 237 

AUC is a portion of the area of the unit square with a single scalar value between 0 and 238 

1 representing expected performance. As Fawcett (2006) pointed out, no realistic 239 

classifier should have an AUC less than 0.5. 240 

For approaches II and III, the performance of the models was expressed in terms of 241 

accuracy of classification. 242 

 243 

3. RESULTS AND DISCUSSION 244 

3.1 Spectral analysis 245 

The mean spectra without any pre-processing of the sound fruit and the different 246 

types of defect are presented in Figure 2. The reflectance of the sound skin was higher 247 

than the reflectance of any type of defect in the region of 530-930 nm as several authors 248 

have previously stated for peaches (Zhang et al., 2015 ), oranges (Li et al., 2011), jujube 249 
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(Wu et al., 2016) and loquat (Yu et al., 2014). As Yu et al. (2014) pointed out, this 250 

difference might be attributed to the different structure of the sound and defective cells. 251 

However, flesh browning presented a similar pattern to the sound skin in this region. 252 

Moreover, in the visible region, carotenoids (500 nm), chlorophylls (680 nm) and other 253 

pigments are responsible for the colour of the fruits (Rajkumar et al., 2012). Hence, the 254 

differences between the sound and defective features in this region can be due to the 255 

degradation of these pigments. 256 

In the NIR region, the absorption peak associated with water around 950 nm (Lu & 257 

Peng, 2006) was more pronounced for bruising, probably due to the free water caused 258 

by the rupture of the cells (López-Maestresalas et al., 2016). In contrast, purple spot, 259 

flesh browning and russeting presented more reflectance in this region probably due to 260 

changes in the tissue structure that cause loss of water or some degree of dryness in the 261 

skin. 262 
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 263 

Figure 2. Mean spectra of sound and defective features captured by the raw data. 264 

 265 

3.2 Classification of sound and defective features 266 

3.2.1 Approach I 267 

The objective was to separate sound fruit from fruit with any kind of defect. First, 268 

the different spectral pre-processing techniques were evaluated for PLS, RF and 269 

XGBoost using the AUC. Figure 3 shows the AUC for all the pre-processing techniques 270 

and the three classifiers, obtained using 3-fold cross-validation. The performance of the 271 

three classifiers was similar, the AUC being higher than 0.85 in all cases. However, 272 

PLS was the method that presented the lowest performance in terms of AUC, achieving 273 

less than 0.95 in all cases. It can be observed that 2D-SNV was the least efficient pre-274 

processing method. 275 
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 276 

 277 

Figure 3. Evolution of the area under the receiver operating characteristic curve 278 

(AUC) vs. pre-processing method for partial least squares (PLS), random forest (RF) 279 

and extreme gradient boost (XGBoost) classifiers for the approach I. The preprocessing 280 

methods are standard normal variate (SNV), moving average + SNV (movav_SNV), 281 

Savitzky Golay smoothing + SNV (SG_SNV), first derivative + SNV (d1_SNV), 282 

second derivative + SNV (d2_+SNV), gap segment derivative + SNV (GapDer_SNV), 283 

and raw data (RAW). 284 

 285 

Both machine learning methods achieved similar results, the AUC being higher than 286 

0.95 for all pre-processing methods except D1+SNV and D2+SNV. However, XGBoost 287 

achieved better performance than RF. A notable finding is that the best result was 288 

obtained using the raw data. Thus, the best combination to classify the samples into 289 

sound or defective was XGBoost with the raw data. 290 

Table 1 shows the results of the internal CV and testing of the model using the 291 

combination of XGBoost and raw data. The results of the internal validation showed a 292 

performance close to a 100% rate of accuracy. The performance of the model was also 293 
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good for the test set, but the accuracy decreased to 92.0% for sound samples and 98.8% 294 

for defective samples. Thus the total accuracy was slightly reduced from 99.9% to 295 

97.5%.  296 

 297 

Table 1. Results of the internal cross validation and the test sets for the approach I using 298 

the XGBoost classifier and the raw spectra. 299 

Cross-validation (CV) (%) 

Class Sound Defect Total accuracy 

Sound 99.9 0.10 
99.9 

Defect 0 100 

Test set (%) 

Class Sound Defect  

Sound 92.0 8.00 
97.5 

Defect 1.20 98.8 

 300 

3.2.2 Approach II  301 

Given the worst results obtained by PLS in the first approach, in this second only 302 

the two machine learning techniques RF and XGBoost were evaluated in terms of their 303 

capacity to distinguish between sound fruit, fruit with external defects and fruit with 304 

internal defects. Figure 4 shows the accuracy of the two classifiers for each pre-305 

processing technique. Both classifiers still presented similar results, the accuracy being 306 

higher than 90.0% except when the derivative pre-processing techniques are used. 307 

XGBoost obtained the highest accuracy in all cases, the best result being obtained using 308 

the raw data, as in the previous approach. Thus, the best combination to classify the 309 

samples among the three classes was also the use of XGBoost and the raw data. 310 

 311 
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 312 

Figure 4. Evolution of mean accuracy vs. pre-processing technique for the random 313 

forest (RF) and extreme gradient boost (XGBoost) classifiers for approach II. The 314 

preprocessing methods are standard normal variate (SNV), moving average + SNV 315 

(movav_SNV), Savitzky Golay smoothing + SNV (SG_SNV), first derivative + SNV 316 

(d1_SNV), second derivative + SNV (d2_+SNV), gap segment derivative + SNV 317 

(GapDer_SNV), and raw data (RAW). 318 

 319 

Table 2 shows the results of the internal validation and test of the model using the 320 

combination of XGBoost and raw data. The results of the CV also showed good 321 

performance with an accuracy of nearly 100% for the three classes, as in the first 322 

approach. When the test set was introduced into the model, the performance was also 323 

good but the accuracy decreased to 95.5% of sound samples, 93.1% of external defects 324 

and 98.0% of internal defects. Thus, the total accuracy rate was reduced from 99.9% to 325 

96.7%. 326 
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The performance in terms of ability to distinguish the internal defects was higher 327 

than for the external defects. The sound samples classified as defective by the model 328 

were considered internal defects.   329 

 330 

Table 2. Results of the internal cross validation and the test sets for approach II using 331 

the XGBoost classifier and the raw spectra. 332 

Cross-validation (CV) (%) 

Class Sound External defect Internal defect Total accuracy 

Sound 100 0 0 

99.9 External defect 0 99.9 0.10 

Internal defect 0 0 100 

Test set (%) 

Class Sound External defect Internal defect Total accuracy 

Sound 95.5 0 4.50 

96.7 External defect 0 93.1 6.90 

Internal defect 1.80 0.20 98.0 

 333 

3.2.3 Approach III  334 

In this approach, XGBoost and RF were used to discriminate between the different 335 

single types of defects and also the sound fruit. As Figure 5 shows, the two classifiers 336 

continued to present similar results with the accuracy higher than 0.90 except when 337 

using the derivative pre-processing. However, XGBoost once again obtained the highest 338 

accuracy in all cases, the best result also being obtained using the raw data.   339 

Therefore, again, the best combination to classify the samples as sound, purple spot, 340 

bruising, russeting or flesh browning was the use of XGBoost and raw data. 341 

 342 



18 
 

 343 

Figure 5. Evolution of mean accuracy vs. pre-processing technique for the random 344 

forest (RF) and extreme gradient boost (XGBoost) classifiers for approach III. The 345 

preprocessing methods are standard normal variate (SNV), moving average + SNV 346 

(movav_SNV), Savitzky Golay smoothing + SNV (SG_SNV), first derivative + SNV 347 

(d1_SNV), second derivative + SNV (d2_+SNV), gap segment derivative + SNV 348 

(GapDer_SNV), and raw data (RAW). 349 

 350 

Table 3 shows the results of the internal CV and the test of the model using the 351 

combination of XGBoost and raw data. The results of the CV also showed good 352 

performance as in the case of approaches I and II, with around 99.9% of the samples 353 

correctly classified. When the test set was introduced into the model, the performance 354 

decreased to a total accuracy of 95.9%, but higher than 92% for any type of sound or 355 

defective samples. The higher rates of misclassification mainly occur between bruising 356 

and purple spot but also between flesh browning and sound skin.  357 

Regarding the robustness of the results achieved using the test set, the distribution of 358 

the accuracies obtained in the Monte Carlo experiment was studied. Figure 6 shows that 359 
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the variance in the distribution of the accuracy is low, demonstrating that the sample 360 

partition does not affect the results obtained. 361 

 362 

 363 
 364 

Figure 6. Box plots of the distribution of the accuracies of the classifiers achieved using 365 

Monte Carlo in the test set for the approaches I (left), II (middle), and III (right). PLS = 366 

partial least squares; RF = random forest; XGBoost = extreme gradient boost 367 

 368 

Table 3. Results of the internal cross validation and the test sets for approach III using 369 

the XGBoost classifier and the raw spectra. 370 

Cross-validation (CV) (%) 

Class Sound Purple spot Russeting Bruising 
Flesh 

browning 

Total 

accuracy 

Sound 99.90 0 0 0.10 0 

99.90 

Purple spot 0 100 0 0 0 

Russeting 0 0.30 99.70 0 0 

Bruising 0 0 0 100 0 

Flesh browning 0 0 0 0 100 

Test set (%) 

Class Sound Purple spot Russeting Bruising 
Flesh 

browning 

Total 

accuracy 

Sound 95.10 0 0 1.65 3.25 

95.90 Purple spot 0 93.80 3.10 3.10 0 

Russeting 0 2.20 95.60 2.20 0 



20 
 

Bruising 0 2.15 0.10 97.60 0.15 

Flesh browning 5.90 0 0 1.30 92.80 

 371 

Figure 7 shows the result of the segmentation of images of loquats with the different 372 

defects studied and classified using this approach. 373 

 374 
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Figure 7. Original and segmented images of a sound loquat and loquat with the different 375 

defects studied. 376 

 377 

3.2.4 Discussion.  378 

XGBoost was the best classification method in all cases, especially when used with 379 

raw data. The accuracy achieved in all cases was high, with more than 95.9% of pixels 380 

being correctly discriminated that led to a correct classification of 100% of the images 381 

of defects. The best result was achieved for the binary classification between sound and 382 

defective samples (approach I) with an overall precision of 97.5%, reaching a 98.8% 383 

success rate in detecting pixels belonging to any defect. This fact could be explained 384 

since the error in a classifier increases with the number of classes (Sanchez Net et al., 385 

2014). However, the performance was also high for the other approaches. It is 386 

noteworthy that there is no confusion between sound skin and any external defect, 387 

indicating that the classifiers work well with visible features. Confusion between sound 388 

skin and defects is mostly caused by the internal flesh browning which probably can be 389 

mistaken for a darkening of the skin. 390 

Several studies have previously been carried out using hyperspectral imaging and 391 

different approaches in order to detect common defects in similar fruits. Wu et al. 392 

(2016) discriminated common defects on jujube. They also evaluated different pre-393 

processing techniques and the best results were also those using the raw data combined 394 

with soft independent modelling of class analogies (SIMCA). The percentage of correct 395 

classification of intact, cracked, bruised and insect-infested jujubes was above 95.0%. 396 

Zhang et al. (2015) discriminated between common defects on peaches and obtained an 397 

accuracy of 93.3% when sound, artificial defects and non-artificial defects were 398 

separated using two characteristic wavelengths at 925 nm and 726 nm. To distinguish 399 
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the stem from the non-artificial defect regions, another two characteristic wavelengths at 400 

650 nm and 675 nm were used.  401 

In the case of loquat, Yu et al. (2014) developed a developed method to discriminate 402 

seven types of defects (six visible and one hidden type of defect) in loquat fruits using 403 

VIS/NIR hyperspectral images, obtaining a 92.3% of global success. Zhou et al., (2017) 404 

detected 100% of hidden bruises in loquats using OCT. In this case, apart than OCT is 405 

an expensive and complex to use technology to be used in postharvest, the damages 406 

were caused artificially so they had no variability. In this our case, the defects were 407 

naturally found and therefore the variability even in defects of the same kind was high. 408 

The results obtained in this study using the full spectrum were good but further 409 

research has to be focused on performing a proper selection of optimal wavelengths to 410 

discriminate between the sound and the defective features, as well as on identifying the 411 

different common defects of 'Algerie' loquat on the surface of the fruit. 412 

 413 

4. CONCLUSIONS 414 

In this work, hyperspectral imaging combined with machine learning techniques has 415 

been evaluated as a method to distinguish common defects in ‘Algerie’ loquat fruit, 416 

such as purple spot, bruising, russeting or flesh browning. Three classifiers, PLS, RF 417 

and XGBoost, and different pre-processing techniques were evaluated to discriminate 418 

between the sound and the defective features according to three approaches.  419 

In the approach I, the best result was obtained using XGBoost and the data without 420 

any pre-processing. The fruit pixels were classified as sound or defect with an accuracy 421 

of 97.5%.  422 
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In approach II, the best result was also obtained using XGBoost and the data without 423 

any pre-processing. The fruit pixels were classified as sound, internal or external defect 424 

with an accuracy of 96.7%. 425 

For approach III, again, the best result was obtained using XGBoost and the data 426 

without any pre-processing. The fruit pixels were classified as sound or purple spot, 427 

scar, bruising or flesh browning with an accuracy of 95.9%. 428 

These results indicate the potential of the proposed methodology based on 429 

hyperspectral imaging as a promising tool to assess the quality of loquat fruits. 430 

However, a proper selection of optimal wavelengths and the identification of the defects 431 

in the images of the fruits are needed. These are the next steps to be taken in this work 432 

to study the feasibility of implementing this technique in real-time.   433 

 434 
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