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Purpose: A multispectral algorithm for detection and differentiation of defective (defects on apple skin) and normal Red Delicious apples was developed from analysis of a series of hyperspectral line-scan images. Methods: A fast line-scan hyperspectral imaging system mounted on a conventional apple sorting machine was used to capture hyperspectral images of apples moving approximately 4 apples per second on a conveyor belt. The detection algorithm included an apple segmentation method and a threshold function, and was developed using three wavebands at 676 nm, 714 nm and 779 nm. The algorithm was executed on line-by-line image analysis, simulating online real-time line-scan imaging inspection during fruit processing. Results: The rapid multispectral algorithm detected over 95% of defective apples and 91% of normal apples investigated. Conclusions: The multispectral defect detection algorithm can potentially be used in commercial apple processing lines.
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IntroductionThe U.S. produces 7% of the total world apple production—over 4 million metric tons annually (USDA, 2005). Among the many apple varieties in the U.S., the Red Delicious is the top variety planted and produced (Slattery et al., 2011). According to U.S. guidelines for apple sales, defective apples should not exceed 10% of the apples in any lot, no more than 5% of the apples in the lot should be seriously damaged, and less than 1% of the apples in the lot should be affected by decay or internal breakdown (USDA, 2002). However, even with such a low tolerance, defective apples still present potential for 

causing foodborne illness. A variety of cases of foodborne illness related to contaminated fruits were reported in the U.S. during the past decade (FDA, 2001, 2006). Automatic online detection of defective apples could help the industry to increase efficiency and reduce food safety risks. Several recent research studies have been carried out to develop image-processing methods for the detection of defective apples (Bhatt et al., 2012; Garrido-Novell et al., 2012; Kim et al., 2007; Srivastava, 2012; Unay et al., 2011). Using processing and analysis methods for full-target images, these studies found that effective algorithms could be developed for non-destructive detection of defective apples using a variety of machine vision systems. With a high-speed camera and an appropriate imaging spectrograph, a line-scan-based machine vision system can continuously acquire a series of line-scan images 
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Figure 1.  The general experimental design and major components 
of the hyperspectral line-scan imaging system.

with full-spectrum data at each pixel on the line-scans. Hyperspectral image analysis can be used to select specific essential wavebands relevant to the targeted inspection task from among hundreds of available wavebands (Kim et al., 2001, 2002; Mehl et al., 2002). Further multispectral data analysis based on those wavebands can be used to develop a multispectral function specifically for line-by-line image analysis for the targeted inspection task, as opposed to full-target image analysis applied after accumulating a “complete set” of line scans for each target item. The line-scan-based multispectral inspection function can then be implemented on a high-speed commercial food processing line by a line-scan machine vision system (Kim et al., 2008; Yang et al., 2010) more easily than a full-target imaging analysis method, given fewer concerns regarding sequential target separation and accommodation for variations in sample size or processing line speeds.The objective of this study is the development of a simple, line-scan-based multispectral algorithm to detect defects on Red Delicious apples and separate them from normal ones. Guidelines for algorithm development included selection of a small number of wavebands, to support rapid data transfer and high-speed computation in a future real-world application, and more importantly, line-by-line image processing and analysis methods to ensure suitability for online line-scan inspection for high-speed apple pro-cessing operations. 
Materials and Methods 

Apple collection Red Delicious apples were obtained from the Rice Fruit Company (Gardners, PA), collected randomly from lots of “tree-run” apples to which no wax or other coating was applied after harvest, and classified visually. Apples visually meeting with the requirements of the grades of U.S. Extra Fancy, U.S. Fancy, U.S. No. 1, and U.S. No. 1 Hail were classified as normal apples. Apples with clear injuries, damages by insects, internal breakdowns, or decays were classified as defective apples. The apples were transported to the Environmental Microbiological and Food Safety Laboratory (EMFSL)at Beltsville, MD, and stored in a 4°C cold room prior to scanning. This study used a total of 183 Red Delicious apples—98 normal and 85 defective apples.

Hyperspectral line-scan imaging systemThe sensing component of the hyperspectral line-scan machine vision system used in this research consisted of an iXon DU-860 electron-multiplying-charge-coupled- device (EMCCD) camera (Andor Technology PLC, Belfast, Northern Ireland), an ImSpector V8E imaging spectrograph (Specim, Oulu, Finland), and a Schneider-Kreuznach Xenoplan 1.4/35 C-mount lens (Schneider Optics, Hauppauge, NY). Light from a pair of 150-watt quartz-tungsten halogen (QTH) lamps was channeled through fiber-optic line-light assemblies to provide illumination to the linear field of view (FOV). The machine vision system was installed to view apples in the conveyor lane of a commercial-type apple sorting machine (FMC Corp, Philadelphia, PA). The sensing and illumination components were mounted within a black enclosure to eliminate the effects of ambient light. To simplify image analysis, the apple-holding cups of the sorting machine were painted black for easy target segregation. Figure 1 shows a schematic of the of the line-scan machine vision system on the apple conveyor. For a detailed description of the imaging system, readers are referred to an article by Kim et al. (2008).
Line-scan image acquisition For image acquisition, the apples were dumped into the loading end of the apple sorter so as to randomize the orientation of the apples in the conveyor cups as viewed by the overhead camera. The conveyor cups moved the 
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apples across the camera’s FOV at approximately 4 apples per second as the machine vision system acquired a series of line-scan images. Each line-scan image included spectral data along one axis and spatial data along another axis. The EMCCD camera produced hyperspectral images sized 128 (spatial) × 128 (spectral). The size was reduced by binning the spectral dimension by two in the buffer of the camera, before transferring the data to the computer, to output line-scans sized 128 (spatial) × 64 (spectral). The spectrum for each pixel spanned 535 nm to 831 nm across 64 (approx. 4.7 nm intervals) wavebands. Multiple series of line-scans were acquired to form hyperspectral images used for image analysis and algorithm development. These hyperspectral images contained sequences of either 9 to 10 normal apples or 5 defective apples, with approximately 80 to 90 line-scans required to complete the scan of the top-facing side of one apple (not including the spaces between apples). Therefore, individual apple scene consisted of approximately 85 x 128 pixels.Each line-scan was calibrated using a reference white and dark line-scan. For the white reference, a white 99% diffuse reflectance target (Spectralon, Labsphere, North Sutton, NH) was placed on the conveyor of the sorting machine and 38 line-scans of the target were acquired. The 38 line scans were averaged to create the reference white, W. Next, the QTH lights were turned off and the camera lens was covered for the acquisition of 26 dark-current line scans, which were then averaged to create the reference dark, D. The numbers of line images for both references were set arbitrarily. The references W and D were used to convert raw reflectance images I0 of apples to relative reflectance images I, according to the following Equation (1):
 

   (1)
Hyperspectral image analysis Images of ten normal and five defective apples were randomly selected to create a sample group from all the hyperspectral images acquired. The images of the other 88 normal and 80 defective apples were used as a test group. The sample group was used for spectral analysis, waveband selection, and development of threshold function and a multispectral line-scan-based inspection algorithm. The inspection algorithm was then applied to the test 

group for algorithm validation.From the sample group images, sample pixels belonging to each of six pixel categories were visually identified: (1) 243 “defect” pixels where clear damage or decay was observed on defective apples; (2) 2601 “defect_N” pixels on damage-free apple-skin areas of defective apples; (3) 45 “defect_S” pixels on the stems of defective apples; (4) 4410 “normal” pixels on apple-skin areas of normal apples; (5) 117 “normal_S” pixels on the stems of normal apples; and (6) 2299 “background” pixels located outside the perimeter of the apples but within the area of the hyperspectral images. The average spectra calculated from these sample pixels for the six categories are shown in Figure 2.Except for the background spectrum, each of the other five average pixel spectra showed three broad peaks. For the spectral range between 535 nm and 676 nm, although the curves of the five average spectra seemed to be clearly different from one another, the variations shown by individual pixel spectra were large enough to consider the intensity differences significant. For the spectral range between 779 nm and 831 nm, it was difficult to observe any difference among the curves of the average spectra except for the magnitude of the relative intensity in each spectrum. However, the magnitude of the relative intensity can be significantly affected by variations of sample shapes and sizes. In the spectral range between 676 nm and 779 nm in Figure 2, all five apple-pixel categories show a maximum relative intensity in their average spectra between 709 nm and 718 nm. Thus, the wavelength at the center of this narrow range, 714 nm, was selected. These average spectra also showed local minima values at either 676 nm or 779 nm. Comparing the spectra in Figure 2, the intensity difference between 714 nm and 676 nm for the normal category was obviously lower than that for the other four apple-pixel categories. Such a difference was also observed between 714 nm and 779 nm. Therefore, the three wavelengths of 676 nm, 714 nm, and 779 nm were selected for the algorithm development.Moreover, the relative intensity for the average back-ground spectrum was higher at 676 nm than at 714, unlike all the average apple-pixel spectra. Also, the relative intensity at 779 nm for the background was much lower than that for any other category. Although the magnitude of the relative intensity was not to be used for defective apple detection, it could be appropriately used 
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Figure 2.  The average spectra for the categories of (1) defect, where clear damages or decays were observed in defect apples; (2) 
defect_N, where no clear damages were observed in defect apples; (3) defect_S, where was stem in defect apples; (4) normal, where 
was apple skins in normal apples; (5) normal_S, where was stem in normal apples; and (6) background, where there was no apple at 
all.
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Figure 3.  The ratios of relative intensities for the apple pixels from the sample group of apples.

for segmentation of apples from the image background. These observations further suggested that development of the defective apple detection algorithm could succeed using only the three wavelengths of 676 nm, 714 nm, and 779 nm.
Apple segmentation method Two ratios were calculated as follows, using relative intensity values at the three selected key wavebands, 676 

nm, 714 nm, and 779 nm, to characterize the spectral difference between 676 nm and 779 nm in Figure 2,
 

  (2)
 

  (3)
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Figure 4.  Example images of normal and defect Red Delicious 
apples at 714 nm and binary images after apple segmentation.

where I676, I714, and I779 are the relative intensities at 676 nm, 714 nm, and 779 nm, respectively. Both ratio functions were applied to all the sample group pixels in the categories of “normal”, “normal_S”, “defect”, “defect_N”, and “defect_S”. The results are shown in Figure 3. For the 4410 pixels of the normal pixel category (normal apple skin on normal apples), both ratio values were always higher than 0.65. Figure 3 shows that only part of 2601 pixels of the “defect_N” category (normal apple skin on defect apples) contained both ratio values higher than 0.65. Therefore, any pixel with two ratio values above 0.65 was identified as a normal apple pixel, while any pixel with a value below 0.65 for either R676/714 or R779/714 was identified as a suspected defective apple pixel.The R676/714 ratio function was also used to segment apples from image background areas. A pixel was considered as part of an apple only when the value of R676/714 was lower than or equal to 1.0. However, the preliminary study also showed that scattered false- positive pixels could occur in the background areas as noise. The I779 relative intensities at these noise pixels were much lower than ones at the apple pixels. Based on the empirical evidence, any pixel was considered to be part of an apple only if it also had an I779 value higher than or equal to 0.18. Figure 4 shows images at 714 nm for normal and defective apples from the sample group and the segementation masks created using the R676/714 ratio function and I779 criteria.

Feature values of an apple To simulate real-time line-scanning of apples, each line was retrieved in sequence from the hyperspectral apple images for line-by-line analysis. When no pixel in a line was identified as part of an apple, this image was discarded and the next line image was retrieved. This process was repeated until one or more pixels in the scanned line was identified as part of an apple, at which time each of the ratio functions, R676/714 and R779/714 were applied. Each pixel was assigned a value of 1 if its R676/714 value was greater than the 0.65 threshold value (normal pixel), or a value of 0 if otherwise (suspected defective apple pixel). Likewise, each pixel was also assigned a second value of 1 or 0 based on its R779/714 value. Thus, each pixel within the apple area would be given two binary values resulting from R676/714 and R779/714. This process was repeated for every line image up until a line image was retrieved that contained no pixels identified as part of an apple, thereby indicating completion of one apple scan. For the set of all line scans for that one apple, the average of all the apple pixels’ binary values assigned from R676/714 was then calculated as AR676/714 for the apple. Similarly, the average of all the pixels’ binary values assigned from R779/714, AR779/714, was calculated for the apple. In this way, two spectral feature values, AR676/714 and AR779/714, were obtained for each apple.
Threshold function development Two feature values, AR676/714 and AR779/714, were calculated for each of the ten normal and five defective apples in the sample group and are plotted in Figure 5. The result shows two data clusters corresponding to the normal subgroup and defective subgroup. The center point (momentum) of each cluster was determined by calculating the average AR676/714 and AR779/714 values for each subgroup. The line connecting the two center points was then calculated: 
  ×  (4)
To separate the two clusters, a mirror line of the connection line (momentum) in Equation (4), intersecting through the center of the connection line at the mirror point in Figure 5, was calculated as follows:
 ×  (5)
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Figure 6.  Test group result for separation of 80 defect apples from 88 normal apples using the threshold equation.

Equation (5) was used as the threshold function to detect defective Red Delicious apples and separate them from normal ones. A threshold function used AR676/714 and AR779/714 from the sample set in that for a normal apple, the left side of the function is greater than or equal to the right side of the function. If the left side of the function is less than the right side, the apple is defective. This algorithm, including the apple segmentation method, the feature values calculation, and the threshold function, was applied to all the apple images in the test group for validation.

Results and Discussion Although two of 10 normal apples in the sample group were incorrectly identified as defective apples, as seen in Figure 5, the identification result for the test group apples was better than that for the sample group. Figure 6 shows the result for evaluation of the defective apple detection algorithm on the test group of 88 normal and 80 defective Red Delicious apples. Approximately 91% of normal apples (80 of 88) and 95% of defective apples (76 of 80) were successfully identified by the threshold function. 



Lee et al. A Simple Multispectral Imaging Algorithm for Detection of Defects on Red Delicious Apples
Journal of Biosystems Engineering • Vol. 39, No. 2, 2014 • www.jbeng.org

148

The algorithm spent less than 0.03 seconds to complete the processing of the line scans for each apple and to obtain the identification result. The algorithm was executed by MATLAB R2011b (MathWorks, Inc., Natick, MA) run on a PC with an Intel CoreTM2 Duo E8500 processor at 3.16 GHz and Microsoft Windows XP. This identification performance and fast computation speed show that the algorithm has potential to be applied to commercial processing lines and to meet the current requirement by the USDA for defective apples to not exceeding 10% of all apples in any one lot.To further investigate the results shown in Figures 5 and 6, each incorrectly identified apple image was carefully compared visually with other correctly identified images. For the ten normal apples identified as defective apples in the sample and test groups, the stem end areas around the fruits’ stems tended to be much darker at either 676 nm or 779 nm than other normal areas, and the numbers of pixels in these darker areas were high. One normal apple was incorrectly identified because its calyx or bottom was identified as a large suspected crack. Also, the overall size of some of these apples was much smaller than many of the other normal apples. In this condition, pixels around the periphery of an apple tended to be darker at either 676 nm or 779 nm, and the smaller apple area allowed these suspect pixels to account for a larger fraction of the total number of pixels than was typical for other normal apples. Thus, these pixels in these areas were incorrectly determined as defect pixels and the whole apples were thus identified as defective apples.Figure 5 shows that, unlike the normal apples, all five defective apples in the sample group were correctly identified. For the test group in Figure 6, four defective apples were incorrectly identified as normal ones. Compared with other correctly identified defective apples, these had either only a few small cracks or were gently bruised but with relatively healthy skins. They were also larger than most of the other defective apples, which made the portion of suspected defect area account for a much smaller fraction of the total imaged area of the whole apple. These misidentifications were for fruit conditions that might contribute to lower apple quality without necessarily causing a food safety problem.To overcome these challenges, future testing might use an improved light source for better illumination. In this research, two QTH lamps were used, but the illumination may not have been ideal for line-scanning of curved 

objects such as apples. For the misidentified normal apples, when the calyx or the apple bottom was shown in the image and the surrounding area was poorly illuminated, the shadow in this area might be confused with being a real defect. Moreover, the peripheral areas of the fruit were usually misidentified as suspected defects due to the current illumination regime. In contrast, for the incorrectly identified defective apples, when the defects were small cracks or bumps and were over-illuminated, the defects could be easily ignored by the imaging system. The result in Figure 6 indicated that the relatively large apples with small cracks (defects) could be easily misidentified as normal ones. A better illumination design, such as more diffused light, could be included in future development and improvement of the line-scan system for apple inspection. Another improvement to be investigated for future development is to rotate the apple in place in front of the camera so that the whole apple body could be scanned.Using the apple segemetation method, the multispectral algorithm based on the hyperspectral image data at 676 nm, 714 nm and 779 nm quickly and correctly detected each individual apple. Rapid calculations by the threshold function based on two relative intensity ratios, between 676 nm and 714 nm, and between 779 nm and 714 nm, means the algorithm is well suited to real-time online use in a processing line. The line-scan machine vision system could be easily installed on existing processing lines, and the algorithm to detect defective apples would help the apple industry to ensure food safety and quality.
Conclusions A hyperspectral line-scan imaging system consisting of an EMCCD camera, spectrograph, and lens was used to acquiring images of 98 normal and 85 defective Red Delicious apples on a conveyor in a commercial apple sorting machine. From the hyperspectral image analysis, a simple multispectral algorithm was developed to detect the defective apples and differentiate them from the normal ones. Three key wavebands, 676 nm, 714 nm, and 779 nm, were selected, and an apple segmentation method and a threshold function were developed using the multispectral image data at these three wavebands. Two ratios of the relative intensities, R676/714 and R779/714, were used to calculate the threshold function for the 
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multispectral defective apple detection algorithm. The algorithm successfully detected 95% of 80 defective apples and 91% of 88 normal apples in a test group. The algorithm could complete scanning and obtain the detection result for an apple in less than 0.03 seconds. The detection performance of the algorithm shows its potential for use with high-speed nondestructive machine vision systems to help ensure food safety and quality, increase efficiency, and reduce costs for the apple industry.
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