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ABSTRACT	22 

Oranges and lemons can be affected by the physiological disorders of granulation and 23 

endoxerosis respectively, decreasing their commercial value. X-ray radiographs provide 24 

images of the internal structure of citrus on which the disorders can be discerned. An 25 

image processing algorithm is proposed to detect these disorders on X-ray projection 26 

images and classify samples as being affected or not. The method automatically segments 27 

healthy and affected tissue, calculates a set of image features and uses these to classify the 28 

images using a naïve Bayes or kNN classifier. The developed method avoids the need for 29 

labour-intensive destructive sampling and allows for non-destructive inspection of all 30 

fruits while preventing losses due to destructive sampling. The proposed algorithm 31 

classifies 95.7 % of oranges and 93.6 % of lemons correctly. The classification method is 32 

fast, robust to noise and can be applied to any existing inline X-ray radiograph equipment. 33 
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INTRODUCTION	34 

Citrus fruit are the largest fruit crop in international trade in terms of value (Moltó and 35 

Blasco, 2008), with an estimated total annual production over 123 million tons in the 36 

period 2009-2010 of which approximately 55% were oranges and 10% were lemons. 37 

World production of citrus has experienced continuous growth in the last decades, mainly 38 

due to an increase in cultivation area and the change in consumer preferences towards 39 

healthier food consumption (UNCTAD.org). Because of an ever increasing demand for a 40 

high and uniform food quality, fresh produce is subject to strict quality requirements. 41 

Most citrus types, and Navel oranges in particular, can be severely affected by 42 

granulation. This disorder manifests itself through different symptoms, from dehydration 43 

of the juices vesicles at the stem-end to a gel formation in the juice vesicles at the stem-44 

end and into the central axis (figure 1). It is often associated with fast growth and occurs 45 

more in large fruit, on young trees, in humid climates and on trees growing on sandy 46 

soils. The fruit develops a flat, insipid taste as they lose some of their sugar and acid 47 

content resulting in a lower commercial value (Kahn et al., 2007; Peiris et al., 1998; 48 

Wang et al., 2014). The severity of the disorder increases during storage as the fruit lose 49 

more moisture from the juice vesicles. 50 

Lemon fruit can develop a physiological disorder called endoxerosis, or internal drying,  51 

characterized by the destruction of the edible part of the fruit, i.e., the endocarp, 52 

especially at the stylar end (figure 1). The disorder occurs in all lemon production areas of 53 

South Africa and is more prevalent in the first part of the season.  During hot summer 54 

months up to 60% of fruits can be affected, especially in young, vigorous trees with a 55 

high level of vegetative development (Bartholomew, 1937; Rose, 1943). The preliminary 56 

symptoms of endoxerosis are the browning of the vascular bundles at the stylar-end of the 57 
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fruit followed by a clogging of the bundles by a pinkish to rust brown deposit of gum. 58 

The juice sacs of the pulp adjoining the rind at the stylar-end become affected and lose 59 

water and collapse. The dehydration of the pulp, which starts at the stylar-end, progresses 60 

down to the centre of the fruit (Sinclair, 1984).  61 

At present, the most reliable detection method to determine the incidence of internal 62 

disorders such as endoxerosis and granulation is to sample every batch supplied for an 63 

orchard and destructively evaluate the sample fruits by cutting them open (Robert L. 64 

Shewfelt, 2012). Progress has been made in the development of non-destructive imaging 65 

techniques to detect spatially distributed internal disorders (Magwaza and Opara, 2014; 66 

Nicolaï et al., 2014). Techniques such as magnetic resonance imaging (MRI, Clark et al., 67 

1999; Defraeye et al., 2013; Hernández-Sánchez et al., 2006; Lammertyn et al., 2003; 68 

Zhang and McCarthy, 2013), nuclear magnetic resonance (NMR, Defraeye et al., 2013; 69 

Lammertyn et al., 2003; Zhang and McCarthy, 2013), visible / near infrared spectroscopy 70 

(Magwaza et al., 2014, 2012; Nicolaï et al., 2007), hyperspectral imaging (Haff et al., 71 

2013; Xing et al., 2007) and optical coherence tomography (OCT, Magwaza et al., 2013; 72 

Verboven et al., 2013), as well as X-ray radiographs and X-ray computed tomography 73 

(CT, Donis-González et al., 2014; Herremans et al., 2013; Kotwaliwale et al., 2014; 74 

Lammertyn et al., 2003) have been subjects of research into non-destructive evaluation of 75 

internal quality in fresh food products. The advantages of X-ray methods are the 76 

sensitivity to spatial density differences inside an object and the excellent penetration 77 

properties of X-rays in fruit and vegetables to detect internal disorders.  78 

X-rays cover wavelengths between 10 and 0.01 nanometers. When passing through an 79 

object, these X-rays physically interact with the object material and are partly absorbed, 80 

scattered or reflected (Barrie Smith and Webb, 2010). The remaining X-rays are recorded 81 
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on a detector, resulting in an X-ray radiograph, an image containing superimposed 82 

information or a projection of the 3D object in a 2D plane. In this image defects, can be 83 

detected using machine vision and image processing techniques. Currently X-ray 84 

radiography is mainly used for the detection of foreign objects with strong contrasting 85 

density from the food, but has received attention as well for detecting internal disorders in 86 

fruit and vegetables (Hansen et al., 2005; Jiang et al., 2008; Kim and Schatzki, 1999).  87 

In X-ray computed tomography (CT) multiple radiographs of the same object, taken from 88 

different angles, are combined to produce a 3-dimensional image using a mathematical 89 

algorithm (Magwaza and Opara, 2014). The resolution varies from 1 mm in medical 90 

scanners down to the micrometer level on dedicated micro-CT scanners (Verboven et al., 91 

2008). X-ray CT has been used successfully to detect internal disorders in pear 92 

(Lammertyn et al., 2003a), apple (Herremans et al., 2014; Nicolaï et al., 2014; Schatzki et 93 

al., 1996) and pineapple (Haff et al., 2006). However, the equipment is expensive and the 94 

3-dimensional reconstruction comes at a high computational cost making it difficult to 95 

apply into existing sorting lines. To render X-ray radiography viable for internal disorder 96 

detection, accurate and fast detection algorithms need to be developed suited to the 97 

application. Detection algorithms combine image processing with classification 98 

algorithms. Image processing typically relies on segmentation of the disorder from the 99 

healthy fruit tissue (Lammertyn et al., 2003b; S. Kim and T. F. Schatzki, 2000; Shahin et 100 

al., 2001). For classification, different approaches can be followed. Naive Bayesian 101 

classifiers determine the Bayesian distribution of every supplied feature and assign a 102 

posteriori scores to new samples based on these distributions. While they are very basic 103 

since they don’t account for interactions between the features, in many situations they 104 

have proven to outperform more advanced classifiers due to their simplicity (Larsen, 105 
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2005). Additionally, training is fast and storage space is small in both training and 106 

classification stages since only condensed data is stored (Kotsiantis, 2007). K nearest 107 

neighbour (kNN) classifiers assign new data points to the same class as the majority of  108 

the k closest points in N-dimensional space, with N the number of features. As with naïve 109 

Bayesian classifiers,  training is fast but classification is slower and the required storage 110 

space is larger. Additionally, kNN classifiers are generally more sensitive to feature noise 111 

(Kotsiantis, 2007).  112 

The aim of this article was to develop a robust and fast image processing and 113 

classification algorithm to detect granulation in oranges and endoxerosis in lemons using 114 

X-ray radiographs. To this end, the radiographs will be segmented first using an 115 

automatic threshold. In a second stage, several features are derived from the segmented 116 

images. Finally the samples will be identified as defect or healthy by a trained classifier 117 

based on the extracted features. Additionally, the performances of a naïve Bayesian and 118 

kNN classifier will be compared. A particular challenge is the orientation of the citrus 119 

fruit with respect to the X-ray detector. To account for this, variability of fruit orientation 120 

will be  taken into account for the testing of the algorithm based on simulated X-ray 121 

radiographs from 3D X-ray CT images. 122 

MATERIALS	AND	METHODS	123 

Citrus	fruit	124 

‘Washington navel’ orange (Citrus sinensis L. Osbeck) were harvested from a 125 

commercial orchard in Marble Hall (N -25.104602, E 29.430736), Mpumalanga (South 126 

Africa) and  ‘Eureka’ lemons (C. limon (L.) Burm.f) from a commercial orchard in 127 

Stellenbosch (N -34.010393, E 18.819523), Western Cape (South-Africa). These orchards 128 



7 
 

had known historical high incidences of granulation for the navel oranges and 129 

endoxerosis for the lemon fruits. A day after harvest the fruit were packed in cardboard 130 

boxes to prevent damage and sent to KU Leuven in Belgium via air fright. Due to the cost 131 

of transportation across continents, the sampling included limited datasets of 30 navel 132 

orange fruit and 38 lemon fruit with suspected different degrees of the disorders and were 133 

sent. Fruit were stored at 4°C at KU Leuven until the imaging experiment. Figure 1 134 

presents the anatomy of the citrus fruit as used in this work.  135 

Fruits were destructively evaluated on the presence of granulation and endoxerosis 136 

immediately after X-ray imaging to serve as a ground truth. This was done by visually 137 

inspecting all of transversal slices of ±5-10 mm thickness for affected regions of each 138 

fruit in the experiment. Fruit were assigned to one of two categories: ‘affected’ or 139 

‘unaffected’ (Figure 2). 140 

X‐ray	imaging	141 

Whole fruit were scanned in a microfocus Computer Tomography (CT) X-ray scanner 142 

(AEA Tomohawk, Philips), equipped with a Nikon metrology 160 Xi Gun set, Thomson 143 

TH 9428HX image intensifier and Adimec MX12P CCD camera (1024 x 1024 pixels) at 144 

the Department of Materials Engineering, (KU Leuven, Belgium). The orange fruit was 145 

positioned directly on the rotation table with the stylar end of fruit such that the axis of 146 

the fruit was approximately on the rotation axis of scanner, such that axial radiographs 147 

could be taken (figure 3). Lemons were scanned at a later date on a hollow styrofoam 148 

support glued to the rotation table to stabilize the fruit during scanning.  149 

The orange and lemon fruit were scanned with a source voltage of 75kV at 468 mA and 150 

pixel sizes of 128.9 µm and 99.6 µm, respectively, with 60 ms of exposure time. For each 151 



8 
 

fruit radiographic projections of 1024 by 1024 pixels with an angular step of 0.3° were 152 

obtained. Since the samples were rotated over 189° around the central core axis of the 153 

fruit (180° + 9° to account for the X-ray beam opening angle) this resulted in 631 154 

radiographs. From the measured radiographs  a 3D image of each fruit was reconstructed 155 

using the filtered back-projection algorithm as implemented in the NRecon 1.6.2.0 156 

software (http://www.skyscan.be/products/downloads.htm).  157 

The resulting reconstructed 3D image or tomograph had a size of 1024 x 1024 x 1024 158 

pixels, with each isotropic voxel measuring 128.9 and 99.6 µm³ for the orange and lemon 159 

fruit respectively. The rotation stage was visible in the projections of oranges and was 160 

manually segmented out. To minimize computational load and approximate commercial 161 

setups where pixel size is typically around 1 mm, the 3-dimensional reconstructed images 162 

were resampled to a size of 256 x 256 x 256 pixels using a 3-dimensional mean binning 163 

filter. 164 

 165 

Simulated	radiographs	166 

The X-ray CT scans were performed for the ideal configuration where the central core 167 

axis of the fruit is aligned with the detector. Certainly in the case of more spherical shapes 168 

like oranges, this is probably difficult to achieve in reality and fruit may pass the detector 169 

at uncontrolled orientation angles. To test if classification is possible for a random 170 

orientation of the fruit, radiographs from more angles were required than those obtained 171 

in the CT scanner. New radiographs could however be easily simulated using an X-ray 172 

transport model that calculates absorption and transmission of the X-rays across the 3D 173 

image of fruit from different 3D angles (Figure 4). This is why an X-ray projection 174 
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simulator (ASTRA Toolbox, Palenstijn et al., 2013, 2011) was used to simulate additional 175 

radiographs from different angles in the 3D hemisphere around the fruit. All further 176 

analysis was performed on these simulated projections. For each fruit the centre of mass 177 

was calculated, and subsequently the fruit was rotated to 50 uniformly spaced positions as 178 

shown by the vertices in Figure 4 (left). Projection simulations were then performed for a 179 

3-dimensional cone beam geometry with a detector size of 256 by 256 pixels. The 180 

detector was assumed to be located at the geometry origin. The source to origin distance 181 

was 300 mm, in order to mimick a commercial fruit packline setup, with the detector 182 

perpendicular to the source – sample axis (Figure 4, right). This resulted in 50 183 

radiographs from different directions for each individual fruit. The simulated radiographs 184 

assumed a perfect system; i.e. any form of noise that exists in reality was excluded. As the 185 

reconstruction algorithm intrinsically removes noise, a second set of radiographs was 186 

created to which zero mean Gaussian noise (= 2.5 % of maximum grey level) was 187 

added with the aim of investigating the effect of noise in the radiographs on the 188 

robustness and accuracy of the classification algorithm. This level of noise is much higher 189 

than that is encountered in state of the art commercial X-ray scanners, but will serve as a 190 

worst-case test for the sensitivity of the algorithm to noise. 191 

Feature	extraction	192 

The simulated radiographs were processed individually to identify the projected disorder 193 

area. The first step was to segment the unaffected endocarp (juice vesicles) from the 194 

tissue that was affected by the disorder. In the simulated radiograph, two distinct zones 195 

could be clearly distinguished, one of lower and one of higher attenuation. Low 196 

attenuation corresponds to regions of low density (high porosity); those of high 197 
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attenuation are regions of high density (low porosity). The zones of lower contrast include 198 

the albedo, flavedo and the disorder (in both oranges and lemons). The zone of higher 199 

contrast corresponded to unaffected endocarp. Otsu thresholding with 3 classes (Otsu, 200 

1979) was applied and the first threshold separated the entire fruit from the background 201 

The second threshold separated the unaffected tissue in the endocarp from the combined 202 

region of exocarp, mesocarp and affected endocarp tissue (figure 5). These thresholds 203 

were automatically determined for all projection images of unaffected samples in the 204 

training set, after which the mean of these values was used for segmentation of all images. 205 

Hence, this thresholding operation is adaptive as its estimation is part of the training 206 

process. 207 

Once the simulated radiographs were segmented, several properties (‘features’) of the 208 

region representing the unaffected endocarp were calculated in order to decide objectively 209 

if disorders were present. For the unaffected endocarp, the perimeter (figure 6c), area 210 

(figure 6d)  and solidity (figure 6e) were computed. The solidity was defined as the ratio 211 

of the area of the region itself to the area of the convex hull of the region (Olson, 2011). 212 

The total perimeter, mean solidity and the ratio of the total area to the total perimeter were 213 

used in the classifier as features. 214 

 215 

Classification	216 

In the classification stage the features described above were calculated for each individual 217 

simulated radiograph. These features were subsequently used to train a classifier. Each 218 

radiograph was processed individually, i.e. no radiographs of the same fruit but from 219 

different directions were combined. 220 
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Two classifiers were compared: a naive Bayesian method and a k-nearest neighbour 221 

(kNN) approach. Both are included in the Matlab Statistics Toolbox (The MathWorks, 222 

Inc., Natick, Massachusetts, United States). In order to train and evaluate the respective 223 

classifiers, the dataset was split into a training (50%), validation (25 %) and test set 224 

(25%). To construct a naive Bayesian classifier only a feature set and ground truth were 225 

required, hence its simplicity. The main parameter that needed to be tuned for a kNN 226 

classifier was the number of neighbours (k) to be used for classification. In the validation 227 

phase, the optimal number of neighbours  was determined by varying k from 1 to 10. This 228 

range was chosen since, as a general rule of thumb, a good initial estimate for the value of 229 

k is the square root of the number of features, three in this case. Increased values of k 230 

reduce the influence of feature noise, but also increase computational load (Hall et al., 231 

2008). The method was developed and tested in Matlab (The Mathworks, Natick, MA), 232 

Statistics Toolbox and Image Processing Toolbox Release 2014a. The runtime for feature 233 

extraction and classification was on average 0.03 and 0.04 s per sample for the naïve 234 

Bayesian and kNN classifier respectively, on a quad-core 3.4 GHz processor with 16 GB 235 

of RAM memory. These speeds are compatible with the commercial speed of sorting 236 

lines which is around 10 fruit per second. 237 

Classification results are presented in confusion matrices. These show the correctly 238 

classified positives and negatives as percentages from top left to bottom right 239 

respectively. False negatives are shown in the bottom left and false positives in the top 240 

right (Fawcett, 2006). 241 

 242 

RESULTS		243 
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Radiographic	and	tomographic	images	244 

Figure 7 shows measured radiographs and tomographs of oranges and lemons which are 245 

affected with granulation and endoxerosis, respectively. On the radiographs of the 246 

oranges, the rotation table is visible, while on the ones of lemons the styrofoam support is 247 

not visible because it does not absorb X-rays. . In the reconstructed images of the oranges 248 

the rotation table was removed by simple image segmentation.  249 

Defects are visible on the radiographs and tomographs as regions with higher or lower 250 

intensity, respectively, indicating lower density. Especially in lemons, the defects are 251 

located toward the stylar end of the fruit, while in severely affected oranges the disorder 252 

can spread throughout the entire fruit. 253 

 254 

Simulated	radiographs	255 

Figure 8 compares a simulated (left) with a measured (right) radiograph. Differences are 256 

present since some uncertainty exists due to machine inaccuracies on the exact direction 257 

from which the measured radiograph was captured in the simulator coordinate system. 258 

While some local contrast differences can be observed, physiological structures are 259 

identical in both images. If desired, local contrast differences can be removed by adapting 260 

the transfer function of one of both images. 261 

Figure 9 shows simulated radiographs from 4 different fruit angles for an orange (top 262 

row) and a lemon (bottom row) fruit with defects as obtained using the ASTRA toolbox. 263 

Projections in the top to rows are identical, but with Gaussian noise added to the middle 264 

row (2.5 % of maximum grey level, zero centered).  Notice how the symptoms of the 265 

endoxerosis in the lemon fruit are concentrated near the stylar end. Defects in oranges are 266 
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more easily distinguishable in transversal projections , indicating these defects are 267 

elongated in shape and flatter in the radial direction. 268 

 269 

Quantitative	parameters	of	the	disorder	270 

Table 1 shows the mean feature values and the respective standard deviations of the 271 

image features derived from the simulated radiographs used for classification. Total 272 

perimeter increased in affected samples. This can be contributed to the fact that the 273 

segmented healthy endocarp is broken up by regions of affected tissue. Because the total 274 

perimeter increases and the area of segmented healthy tissue decreases in disordered fruit, 275 

the ratio of area to perimeter will decrease as well. The same holds for the solidity 276 

measurement.  277 

Table 2 compares the quantitative features extracted from a transversal (left) and axial 278 

(right) radiograph of a lemon fruit with endoxerosis. All features of the axial radiograph 279 

indicate a defected sample based on the ranges in table 1. Perimeter and solidity indicate 280 

that the transversal radiograph is from a defected fruit as well, while the ratio of area to 281 

perimeter is inconclusive. 282 

The perimeter value increased when noise was added to the radiographs. This can be 283 

contributed to the fact that threshold-based segmentation is heavily affected by the added 284 

noise. This results in more ‘random’, small regions being segmented thus increasing the 285 

total perimeter, but also affecting the area/perimeter and solidity measurements. In 286 

general, the differences between affected and unaffected samples remain the same. 287 

Separation between means remains roughly stable for the total perimeter measurement, 288 

decreases for the area/perimeter measurement and increases for solidity. 289 
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 290 

Classification	291 

Table 3 presents the results of the naive classifier, trained on 50% of the dataset and 292 

tested on the remaining 50%. No validation phase was used, since no parameters need to 293 

be optimized. It was possible to correctly classify 95.7 % of the orange and 93.6 % of the 294 

lemon fruit. Correct classification rates drop to 94.4 % and 85.3 %, respectively, when 295 

noise is added to the projections and this effect was more pronounced for lemons. 296 

The results of a 10-fold cross validation of the kNN classifier are shown in figure 10, with 297 

k ranging from 1 to 10 and 50 % of the dataset was used for training and 25 % for 298 

validation. The highest correct classification percentages were obtained at k = 3 for 299 

oranges (97.3 %) and k = 2 for lemons (94.4 %). When noise is added these numbers drop 300 

to 91.7 % at k = 4 and 83.2 % at k = 2 for oranges and lemons, respectively. Again, the 301 

drop in correct classification rates is larger for lemons than for oranges. Classification 302 

results for the kNN classifier are shown in table 4. 303 

When the validated kNN classifiers are applied to a test set (25 % of original data), the 304 

correct classification rates in general are lower than those in the validation phase (table 3), 305 

which is to be expected (Kotsiantis, 2007). 93.9 % of oranges and 92.8 % of lemons were 306 

correctly classified. When noise was added to the projections, the success rates decreased 307 

to 90.1 % and 79.7 %, respectively. 308 

 309 

DISCUSSION	310 

The two internal physiological disorders of citrus fruit, i.e., endoxerosis of lemon and 311 

granulation of navel orange are characterized by voids and structure disintegration inside 312 

the juice vesicles of the endocarp that could be detected in tomographic images to a large 313 



15 
 

certainty (figure 7). These voids are more difficult to distinguish in radiographs because 314 

these contain cumulative information from the fruit and have a gradual change in grey 315 

value from the centre towards the edge of the fruit. However, the results show that the 316 

applied method is successful in detecting the grey scale differences as a result of the 317 

presence of the disorder in the citrus radiographs. For other applications, this is not 318 

necessarily the case. Shahin et al. (2001) applied radiography to sort water core–affected 319 

apples but constrained the orientation of the fruit and the classification success rate was 320 

dependent on the severity of the disorder. For centre rot in onions, Tollner et al. (2005) 321 

came to a similar conclusion. For the current application, these aspects were not limiting 322 

factors.  323 

In the fruit, voids were sometimes present between separated but intact juice segments, 324 

and those were not related to the disorder. They were distinct from granulation through 325 

their elongated shape across the entire height of the endocarp tissue, and were not visible 326 

on the radiographs (figure 7 top left), while the disorder is apparent (figure 7 top right). 327 

Therefore, these voids do not decrease the accuracy of the presented method, but could 328 

present a challenging feature to detect on itself.  329 

Based on the classification results (tables 3 and 4), the naive Bayesian classifier 330 

outperforms the cross-validated kNN classifier on all instances. This difference has been 331 

observed before, among others by Larsen (2005). Only in the validation phase the kNN 332 

classifier reached a correct classification rate of 97.3 %. Since this value drops to 93.9 % 333 

in the test phase, this is most likely due to over fitting to the particular validation dataset 334 

(Andrew, 1997). 335 

Classification of lemon fruit with endoxerosis proved more difficult than classifying navel 336 

orange fruit with granulation. This is most likely due to the fact that granulation and 337 
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endoxerosis present themselves in different parts of the fruit tissue. While granulation is 338 

spread throughout the entire endocarp, endoxerosis is often restricted to the tissue at the 339 

stylar end (figure 7 bottom right, (Bartholomew, 1937)). This might impede detection 340 

when the stylar end is oriented towards the X-ray source or detector making the 341 

endoxerosis less visible and thus harder to detect on projections. However, the example in 342 

table 2 shows that, while a transversal position might introduce more uncertainty, a good 343 

choice of parameters ensures that in most cases a correct classification will be made. 344 

 In a real life situation, where a scanner typically generates radiographs of samples on a 345 

conveyor belt in a top-down view configuration the orientation effect might be smaller 346 

since most of the lemons will be lying on their side, thus generating preferred axial 347 

radiographs, and thus potentially increasing the detection ratios for lemons as well. 348 

Noise reduced the classification accuracy and for oranges, the difference is 1.3 % for the 349 

naive Bayesian classifier and 3.8 % for the kNN classifier. For lemons, the difference is 350 

8.3 % and 13.1 % respectively. The larger observed difference for the kNN classifier can 351 

be contributed to the fact that noise in the projections translates into noise in the feature 352 

values, to which kNN classifiers are sensitive, as stated before (Kotsiantis, 2007). It 353 

should be noted that the level of noise that was introduced to the projection images is far 354 

higher than would be observed in any commercial X-ray setup. 355 

The relatively low number of samples was addressed by simulating 50 radiographs from 356 

each sample. Since these radiographs are simulated from different directions, ensuring no 357 

two are the same, they can be treated as separate inputs for the classification algorithm, 358 

especially since no features of different radiographs are combined i.e. the radiographs are 359 

processed completely individually. 360 
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X-ray radiography of citrus fruit thus has potential for non-destructive quality control in 361 

the citrus pack and sorting operations, by assuring high quality products reaching the 362 

consumer and early detection of disordered fruit. Due to the speed of detection and 363 

classification, quality control can be achieved by sorting on individual fruit basis, rather 364 

than on batch level using destructive sampling, and thereby improving detection success 365 

and minimizing losses.  An additional possible commercial application of this method is 366 

detection of pre-harvest freezing or frost damage of citrus, which leads to similar dried 367 

out juice sacs. 368 

  369 

CONCLUSIONS	370 

A detection algorithm for identifying granulation in oranges and endoxerosis in lemons 371 

on X-ray projection images was proposed. A naive Bayesian classifier was proven to 372 

outperform a kNN-classifier, including when noise was added, reaching correct 373 

classification rates up to 95.7 %.  More importantly, only 2.1 % of passed oranges and 5.1 374 

% of passed lemons will still contain granulation or endoxerosis respectively (false 375 

negatives) when the naïve Bayesian classifier is used. 376 

The presented high-speed and robust algorithm can be implemented in existing on-line X-377 

ray radiograph systems for successfully detecting granulation disorder in orange fruit and 378 

endoxerosis disorder in lemons fruit. As it does not require 3-D reconstruction as in X-ray 379 

CT, the computations are fast and compatible with commercial sorting line speeds, which 380 

could result in inspection of every single fruit. The sorting line can be simple because, 381 

while from certain angles detection proves to be more difficult, a specific fruit orientation 382 

is not required to reach high correct classification rates. Additionally, these more 383 
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problematic orientations would be far less present in a real-life setup than in these 384 

simulations.  385 
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Table 1: Quantitative parameters of radiographs with an without the disorder, used as 525 

feature values for classification. 526 

 
Total perimeter 

(pixels) 
Area / 

perimeter 
Solidity 

Orange 
Unaffected 457.75 ± 57.28 29.5 ± 2.53 0.91 ± 0.018 
Affected 725.4 ± 199.41 17.72 ± 4.92 0.89 ± 0.051 

Lemon 
Unaffected 322.83 ± 39.82 24.37 ± 2.83 0.98 ± 0.009 
Affected 405.68 ± 106.1 19.31 ± 5.33 0.93 ± 0.051 

Orange 
noise 

Unaffected 926.15 ± 125.5 14.18 ± 1.32 0.83 ± 0.086 
Affected 1298.5 ± 289.84 9.32 ± 2.38 0.69 ± 0.08 

Lemon 
noise 

Unaffected 696.94 ± 118.43 10.92 ± 1.18 0.85 ± 0.066 
Affected 829.45 ± 244.58 9.32 ± 2.47 0.76 ± 0.1 

 527 

  528 
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Table 2: Comparison of quantitative features extracted from a transversal (left) and axial 529 

(right) radiograph of a lemon fruit with endoxerosis. Both classifiers identify both 530 

radiographs as defected. 531 

 

  
 Transversal Axial 

Total perimeter 392.46 445.28 

Area / perimeter 23.21 13.43 

Solidity 0.93 0.77 

 532 

  533 
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Table 3: Classification of disorders in citrus fruit using a naive Bayes classifier. 534 

Confusion matrices for the naive Bayes classifier. Results obtained from combined 535 

validation and training sets, since no parameters were optimized. 536 

  Predicted 
  unaffected affected unaffected affected 

M
ea

su
re

d 

 Orange clean Orange noise 
unaffected 75.5 % 2.1 % 78.4 % 1.3 % 
affected 2.1 % 20.3 % 4.3 % 16 % 
 Classification success: 95.7 % Classification success: 94.4 % 

 Lemon clean Lemon noise 
unaffected 79.2 % 1.9 % 76.8 % 4.5 % 
affected 5.1 % 14.4 % 10.1 % 8.5 % 

 Classification success: 93.6 % Classification success: 85.3 % 

 537 
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Table 4: Classification of disorders in citrus fruit using kNN classifiers. Confusion 539 

matrices for the kNN classifiers applied on the test set.  540 

  Predicted 
  unaffected affected unaffected affected 
  Orange clean (k = 3) Orange noise (k = 4) 

M
ea

su
re

d
  unaffected 78.4 % 0.3 % 76.3 % 3.5 % 

affected 5.9 % 15.5 % 6.4 % 13.9 % 
 Classification success: 93.9 % Classification success: 90.1 % 

 Lemon clean (k = 2) Lemon noise (k = 2) 
unaffected 74.7 % 2.7 % 70.7 % 10.7 % 
affected 4.5 % 18.1 % 9.6 % 9.1 % 

 Classification success: 92.8 % Classification success: 79.7 % 

 541 
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 543 

Figure 1. Citrus fruit anatomy identified on sections and X-ray radiographs of an orange 544 

fruit. Sections and radiographs show different samples. 545 

 546 

 547 
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 548 

Figure 2. Destructive visual inspection of granulation in oranges (left) and endoxerosis in 549 

lemons (right). Affected regions are indicated with an arrow. 550 
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 552 

 553 

554 
Figure 3. Schematic presentation of the X-ray computed tomography geometry (left) and 555 

the actual setup (right). 556 
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 558 

Figure 4. An X-ray projection simulator (ASTRA Toolbox, Palenstijn et al., 2013, 2011) 559 

was used to simulate radiographies. Fruits were rotated to 50 uniformly spaced positions 560 

as shown by the vertices on the left. Projection simulations were then performed for a 3-561 

dimensional cone beam geometry with a detector size of 256 by 256 pixels. The detector 562 

was assumed to be located at the geometry origin. The source to origin distance was 300 563 

mm, in order to mimick a commercial fruit packline setup, with the detector perpendicular 564 

to the source – sample axis (right). 565 

 566 

 567 
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 569 

                                                          570 

Figure 5: Segmentation result. Radiographic projection images of healthy (top) and 571 

affected (bottom) oranges segmented with a double Otsu threshold. 572 
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 574 

Figure 6: Original (a) and segmented (b) radiograph of an orange with the extracted 575 

features: area (c), perimeter (d) and solidity (e), calculated as the ratio of the white area to 576 

the grey area. 577 
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 579 

Figure 7: Measured radiographic and tomographic images of oranges (top row) and 580 

lemons (bottom row) without (left) and with (right) disorders using X-ray CT. 581 

582 
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 583 

Figure 8: Comparison of a simulated (left) and measured (right) radiograph. Small 584 

differences still exist since the exact position from which the measured radiograph was 585 

taken in the simulator coordinate system is unknown. Measured radiograph contrast was 586 

matched manually to simulated radiograph contrast. 587 
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 589 

 590 

Figure 9: Simulations of radiographic projections from different directions of an orange 591 

(top row), an orange with added noise (middle row) and a lemon (bottom row). All 592 

projections here show samples with defects. 593 
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 596 

 597 

Figure 10: Classification of internal disorders in citrus. Classification results of 10-fold 598 

cross validation of the kNN classifier, with k ranging from 1 to 10, displaying the 599 

percentage of correctly classified samples. Images without (‘clean’) and with (‘noise’) 600 

noise are compared 601 
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