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Abstract
Early apple bruises, especially those occurring within half an hour, usually have no external symptoms
and are di�cult to �nd. In this study, a fast and nondestructive detection method for early bruises based
on a near-infrared camera and image recognition was developed. A total of thirty apple samples were
photographed on both sides of each apple. Grayscale images of the apples were captured using a near-
infrared camera with a wavelength region between 900 and 2350 nm. Images of apples (n = 62) without
bruises were collected. The same apples were arti�cially damaged and photographed by the near-infrared
camera immediately. The apples were photographed again at 30–35 min after bruising, and a total of
186 grayscale images were collected. As the glossiness of apples limits the accuracy in the detection of
defects, a compound method was proposed consisting of nonlinear grayscale transformation and
frequency-domain image �ltering techniques, followed by the �rst derivative to obtain the gradient
grayscale image. Since bruises had distinct edges, bruise edge pixels were detected instead of sound
bruise pixels. The compound method obtained a 97.62% classi�cation accuracy for nonbruised apples
and apples with fresh bruises. The experimental results show that it is feasible to identify early bruises in
apples based on near-infrared camera imaging and gradient grayscale images. The method can also
provide a reference for the in-situ nondestructive early bruise detection of apples and other fruits.

1. Introduction
Apple defects can be divided into four main categories: mechanical damage, pathological disorders,
contamination, and physiological disorders. These defects reduce the quality of apples, affect the sales
price, and may be harmful to human health (Zhu et al., 2016; Lu and Lu, 2017). Apple bruises are typical
mechanical damage that can easily occur during picking, sorting, packaging, and transportation (Van
Zeebroeck et al., 2006; Xing et al., 2005). Identifying and classifying bruised apples as early as possible is
conducive to the storage and circulation of apples. It can also prevent decaying and deteriorating apples
from affecting other healthy apples (Zhang et al., 2017). Severe bruises can be identi�ed with the naked
eye or machine vision technology. However, early mild apple bruises, especially those occurring within
half an hour, usually have no obvious external symptoms and are di�cult to �nd (Keresztes et al., 2016;
Lu et al., 2016). Therefore, it is necessary to �nd a fast, accurate, convenient and nondestructive
discrimination method for apples with early bruises.

When the surface of an apple suffers mechanical damage, such as bumps, the pulp tissue is destroyed.
The physiological metabolism of the damaged part will be disordered over time, the release of ethylene
will increase, the respiratory strength will increase signi�cantly, and the soluble solid content will be
relatively reduced (Agar et al., 1999; Watada et al., 1996). In the initial stage of the bruises, under visible
light, there is no obvious difference between the appearance of the bruised area and the healthy area;
thus, a detection method based on visible light is subject to certain restrictions in this case. Due to the
complex background and large discrepancies in the surface color, slight and early bruises are di�cult to
distinguish by image processing technology under visible light (Pan et al., 2019; Xing and De
Baerdemaeker, 2007). The penetrability of near-infrared light in a tissue sample is deeper than that of
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visible light (Ding et al., 2021), and it is quite sensitive to changes in water content and soluble solids in
the sample (Li et al., 2019; Takano et al., 2020). Therefore, a near-infrared image of an apple can more
easily reveal bruising than a visible light image, which makes it possible for near-infrared imaging to
identify early bruises in apples. Methods based on near-infrared imaging, including hyperspectral imaging
and near-infrared camera imaging, have developed rapidly in recent years and are appropriate for the
nondestructive detection of early bruises in apples.

Hyperspectral imaging technology integrates imaging, spectroscopy, chemometrics, and other optical
sensing technologies. It is a nondestructive, noncontact detection technology that allows the
simultaneous acquisition of sample spatial and spectral information (Xing and De Baerdemaeker, 2005;
Al-Sarayreh et al., 2020). In recent years, hyperspectral imaging technology has been widely used to
identify defects in various fruits, including the detection of early apple bruises (Lu et al., 2020). For
example, Tan et al. (2018) used hyperspectral imaging combined with principal component analysis to
identify early bruises in apples with a recognition rate of 99.9%. Luo et al. (2019) used hyperspectral and
multispectral re�ectance imaging technology to identify apple bruises within one hour, and the
recognition rate reached 99.2%. Compared with other technologies, hyperspectral imaging technology not
only re�ects external characteristics such as the texture and size of the measured object but also re�ects
internal quality information such as the chemical composition content of the object (Lee et al., 2014).
Since the information includes the spectral signature and the �gure (Baranowski et al., 2013) is su�cient,
hyperspectral imaging technology usually has a higher recognition rate. However, the three-dimensional
data cube in this method has considerable redundant information, which increases the complexity of
data processing (Du et al., 2017; Sui et al., 2015). Additionally, the calibration models are usually not
independent of the particular calibration samples, measurement technique, or the setup of speci�c
experiments.

Near-infrared camera imaging technology for identifying apple bruises is simple, fast, and highly
sensitive. Near-infrared cameras have the advantages of small size, light weight, high luminous �ux, and
convenient data collection (Ge et al., 2016; Zhang et al., 2021). In conclusion, near-infrared imaging
technology is suitable for the nondestructive detection of apple bruises. Aleixos et al. (2002) developed
an imaging system based on a multispectral camera that can obtain visible light and near-infrared
images from the same scene. The system can detect the size, color, and presence of defects in citrus and
can also correctly classify lemons and citrus. Kleynen et al. (2003) proposed a method based on
quadratic discriminant analysis that selects the best �lter wavelength and constructs a multispectral
imaging system to detect multiple defects in "Jonagold" apples. The combination of �lters with three
different wavelengths is su�cient to detect most bruised apples, and the combination of �lters with four
different center wavelengths has a classi�cation accuracy of 100% for apples with severe defects and
moderate defects. A near-infrared camera developed with T2SL material has a smaller dark current, lower
noise, and higher sensitivity. It offers great target recognition and detailed expression under
environmental conditions such as night vision and low visibility. For this reason, this study used a T2SL
near-infrared camera with a wavelength range of 900–2350 nm to collect near-infrared images of bruised
apple samples. A recognition method of apple bruises for detecting bruise edges was proposed, which
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could realize the nondestructive detection of early bruises (within half an hour) on apples. Bruised apples
have lower re�ectance than nonbruised apples in the visible light region, especially in the near-infrared
light region. Thus, near-infrared images are more suitable for detecting bruises than visible light images.

2. Materials And Methods

2.1 Samples and bruise manufacturing device
As one of the major varieties of apples, Red Fuji apples have a wider peel variation than other apple
varieties. Thus, it is harder to detect early bruises on Red Fuji apples. Therefore, apple bruise recognition
experiments using Red Fuji apples are more representative. In this experiment, 31 Red Fuji apples from
Yantai Qixia were used as the research object. Since the difference in position 180° apart along the
horizontal line was even greater than that of different apples, the relative position of every apple was
photographed separately, and the sample set can be regarded as 62. Before the experiment, the apples
were placed at room temperature for twelve hours, and the surfaces of the apples were disinfected with
75% alcohol.

The purpose of this study is to detect bruised apples that are damaged within half an hour. Early bruises
can only be arti�cially created because fresh bruises cannot be distinguished by the naked eye. The
device for making bruises is a pendulum with a diameter of 18 mm and a weight of 0.085 kg. The
pendulum is placed at one end of a pendulum rod with a length of 0.4 m. A schematic diagram is shown
in Fig. 1. The pendulum is raised to an angle of 45° with the vertical direction and released to make the
pendulum impact �xed apples. The bruised area is small and approximately 0.8 cm2. Commonly, the
apple surface is intact and has a slight depression that is not easily recognized by the naked eye (Stropek
and Gołacki, 2013; Diels et al., 2017).

2.2 Near-infrared camera imaging system
The apple images were collected with a near-infrared camera (Xeva-2.35-320, Xenics, Belgium), which
uses a thermoelectrically cooled T2SL detector with a 320×256 pixel resolution and a 900–2350 nm
wavelength response. The camera lens is from the KOWA Group of Japan Kowa Co., Ltd., which has
manual focus and aperture functions. The maximum aperture is F1.4.

The system consists of a near-infrared camera, a tripod, and three halogen tungsten lamps, as shown in
Fig. 2. The near-infrared camera is �xed by a tripod, and the lens is vertically downward to the apple. As
the apple has an irregular spherical shape and the camera has no light source, three tungsten halogen
lamps are added to minimize the impact of uneven illumination while collecting images. The three lamps
are placed at an angle of 120° with the apple sample as the center. The angle between the irradiation
direction and the vertical direction is approximately 45°, and the lampshade is wrapped with a soft cloth
to make the light more uniform.
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Images were collected by the built-up system, and near-infrared images (n = 62) of nonbruised apples
were collected �rst. Then, the device shown in Fig. 1 was used to create apple bruises, and near-infrared
images (n = 62) of the apples were acquired immediately after the bruise appeared. Near-infrared images
(n = 62) of the same bruised apples were collected again 30 min later.

Compared with visible light, near-infrared light is more sensitive to changes in organic components in
apple samples. Therefore, near-infrared images of apples can more easily reveal bruises in the early stage
of bruises than visible light images. In most cases, it is di�cult to distinguish bruises with the naked eye
in the visible light images of apples bruised for less than 30 min. We used a mobile phone to take an
image of the apple immediately after the bruise occurred, as shown in Fig. 3(a). At the same time, a near-
infrared image of the same apple was taken using a near-infrared camera, shown in Fig. 3(b). The
location of the bruise in the apple is visible in the near-infrared image; however, the location of the bruise
in the visible light image cannot be found.

2.3 Image processing method for early apple bruise
recognition
This paper presents an image processing method for the detection of bruised apples. The compound
method contains two-level image preprocessing, including nonlinear grayscale transformation and
frequency-domain image �ltering. To eliminate the interference of background information on the target
apple image and extract the region of interest, which is the fruit body, a mask is made in advance using
the threshold segmentation method (Kang et al., 2009; Shirly and Ramesh, 2019). After background
processing, the image is subjected to nonlinear gray transform, high-pass �ltering and image derivation.

2.3.1 Nonlinear grayscale transformation
The gray value of the bruised part of the apple is lower than that of the nonbruised part, so the low gray
areas in the apple image can be used to identify the bruises as they are detected. In the process of
extracting the edge of the bruise, the change in gray value in the target area caused by uneven
illumination will affect the identi�cation and extraction of the bruises. For example, the light spot caused
by the supplementary light source in the target image is the region with a high gray value in the image
(Keresztes et al., 2017).The light spot would be easily recognized as a bruise when the edge recognition
method was used to extract damage. Therefore, it is particularly important to eliminate light spots in the
original apple image (Zhang et al., 2009). To solve this problem, a two-level image processing method
was designed.

First, a piecewise-linear grayscale transformation was used to weaken the light spot with a high gray
value.

The grayscale level transformation uses a transformation function to map the input pixel gray value 
f(x, y)to a new gray value g(x, y), which belongs to an image enhancement technology, as in Formula
(1).
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g(x, y) = T[f(x, y)](1)

To reduce the gray value of the light spot without affecting the contrast of the low gray area, the average
gray value aver1 of the apple image is calculated before the grayscale conversion. The average gray
value was set as a threshold, the pixels with a gray value that was smaller than the average gray value
remained constant, and the gray value greater than the average gray value was compressed. The
grayscale transformation function is shown in Formula (2), and the value of aver1is calculated as
Formula (3).

g(x, y) =
f(x, y)(0 ≤ f(x, y) ≤ aver1)

a ∗ f(x, y)(aver1 < f(x, y) ≤ 1)(0 < a < 1) (2)

aver1 =
∑n

i=1fi ( x ,y)
n (3)

Nonlinear transformations, such as logarithmic transformations, can increase the smoothness of image
processing. The logarithmic transformation is expressed as follows.

h(x, y) = b ∗ ln[g(x, y) + 1](4)

The gray value of the apple image is adjusted to ensure that the average brightness of the transformed
images of different apple samples remains consistent. The average gray value of h(x, y) is set to be 
aver3, and the gray value of each pixel is hi before adjustment. The average gray value of the apple

image is aver4, and the gray value of each pixel is h'
i after adjustment. Formula (5) can be obtained.

h'
i = hi ∗

aver4
aver3(5)

The above is the �rst level of image processing, and the contrast of the image is improved after the
processing.

2.3.2 Frequency-domain image �ltering
The image is further processed by a second-level processing method. A high-pass �lter in the frequency
domain is designed to further weaken the in�uence of uneven illumination and improve the contrast of
the bruised area. First, a Fourier transform is performed on the image signal. In the frequency domain, the
image signal can be regarded as composed of high-frequency components and low-frequency
components. According to Retinex Theory, an apple’s near-infrared image signal can also be regarded as
composed of illumination components and diffuse re�ection components (Land, 1986). The illumination
component of the sample caused by uneven illumination corresponds to the low-frequency signal, and
the diffuse re�ection component corresponds to the high-frequency signal, which carries the main
characteristic information of the sample. Therefore, a high-pass �ltering method is selected as the
second level of image preprocessing (Tseng and Lee, 2017; Adelmann, 1998).

{
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The transfer function of the selected Butterworth �lter is shown in Formula (6).

H(u, v) =
1

1+
D0

D(u ,v )

2N
(6)

After frequency-domain �ltering, the bruise edge is more obvious, and the contrast of the image is
improved, which is conducive to bruise identi�cation and extraction.

2.3.3 Image derivation to obtain the gray gradient image
Due to the low grayscale region caused by bruises having a greater grayscale change ratio at the edge of
the low grayscale region, a grayscale gradient image by the �rst derivative is acquired to manifest this
character. Two images, including a horizontal grayscale gradient image and a vertical grayscale gradient
image, are acquired by the �rst derivative. The absolute values of the two images are calculated and then
added. Where the gray value of the original grayscale image has a small change ratio, the gray value of
the corresponding position in the grayscale gradient image will be close to zero. In contrast, the gray
value of the corresponding position in the grayscale gradient image deviates from zero. The greater the
rate of change in the original image gray value, the greater the gray value of the corresponding position in
the gradient grayscale image. Then, threshold segmentation is used to binarize the gradient image, which
can well express the edge characteristics of the gradient grayscale image. In the process of identifying
the edge of the bruised area, it is necessary to exclude the in�uence of the pro�le of the apple. In the
background processing process, the binarized image of the original grayscale image is obtained, which is
a mask. The corrosion-treated mask is multiplied by the new binarized image to eliminate the entire edge
of the apple, and then the binary image only shows the edges of the bruise. Counting the number of
pixels with a gray value of 1 can determine whether the image is an image of a bruised apple.

3. Results And Discussion

3.1 Results of image processing �ow
A low gray area can appear in the apple image for two reasons: the apple tissue in the region is damaged,
or the region cannot receive enough light while the apple image is collected. As the surface of the apple is
not a regular spherical shape, some images of nonbruised apples have low gray areas after image
preprocessing. Such sound apples would be classi�ed as bruised apples easily using the threshold
segmentation method directly, which is an important factor that lowers the recognition rate of the
threshold segmentation method. Therefore, the image gradient is calculated as 2.3.3. The bruise edge
calculation for an apple sample is shown in Fig. 4.

Every apple image was processed by nonlinear gray transform, high-pass �ltering and derivation. Taking
the image of a bruised apple as an example, the whole process is shown in Fig. 5. Figure 5(a) shows the
original images, Fig. 5(b) shows the images after nonlinear grayscale transformation, Fig. 5(c) shows the

[ ]



Page 8/18

images after frequency-domain image �ltering, and Fig. 5(d) shows the images after derivation. The
location of bruises could be explained by binarization of the image, as shown in Fig. 5(e). Then, Fig. 5(f)
can be obtained by further corrosion processing. The number of pixels with a pixel value of 1 is counted
to determine whether the image is a bruised image.

3.2 Identi�cation results
The �ltered images were derived and binarized in turn. If it was an image of a bruised apple, only the
outline of the apple could be seen. Figure 6 randomly lists the identi�cation results of 20 sound apples in
the test set, and all samples were correctly identi�ed.

If there was an image of a bruised apple, the outline of the apple and the outline of the bruise were all
visible. Image processing was performed on some bruised apple images in the test set, and the results
are shown in Fig. 7. The samples of bruised apples were all correctly identi�ed.

In image processing, there were two key parameters: one was the cutoff frequency of the frequency
domain �lter, and the other was the threshold for binarization after image derivation. The parameters
were set by 20 images of sound apples and 40 images of bruised apples. The remaining 126 apple
images, including 42 images of nonbruised apples and 84 images of bruised apples, were used to verify
this method. The test results are shown in Table 1.

Table 1
Apple bruise recognition result based on the edge extraction method

The type of apples Number of samples Result of recognition Accuracy

(%)Sound Bruised

Sound 42 41 1 97.62

Bruised (0 min) 42 2 40 95.24

Bruised (30 min) 42 0 42 100.00

The image recognition method that is commonly used is threshold segmentation without derivation, and
the threshold is determined according to the grayscale histogram. To compare with the method in this
paper, all the images were preprocessed in the same way, and a threshold segmentation method was
used to recognize the bruised region instead of extracting the bruised edge. The same 126 pictures were
used for veri�cation. The results are shown in Table 2.
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Table 2
Apple bruise recognition result based on the threshold segmentation method

The type of apples Number of samples Result of recognition Accuracy

(%)Sound Bruised

Sound 42 37 5 88.10

Bruised (0 min) 42 2 40 95.24

Bruised (30 min) 42 2 40 95.24

The lossless apple image is marked as 0 and the damaged apple image is marked as 1. The binary
classi�cation confusion matrix of the method with derivation is shown in Fig. 8(a). The accuracy,
precision and recall of the method are 97.6%, 98.8% and 97.6%, respectively. The binary classi�cation
confusion matrix of the method without derivation is shown in Fig. 8(b). The accuracy, precision and
recall of the method are 92.9%, 94.1% and 95.2%, respectively. Therefore, using an image gradient to
identify apple bruises can effectively improve the recognition rate.

3.3 Discussion
Detecting apple bruises by collecting near-infrared images and conducting image recognition is a simple
and convenient method. Compared with hyperspectral imaging, this method only uses partial band
information. By comparison, it is found that different image preprocessing methods affect the image
recognition effect.

Threshold segmentation is commonly used for extracting the bruised region. Preprocessing is necessary
before recognizing an apple image. It is impossible to eliminate the in�uence of uneven illumination
during the pretreatment; thus, the misjudgment of sound apples is a common outcome. A low grayscale
region in apple images will appear due to uneven illumination or bruises; however, the low gray areas
caused by bruises usually have obvious edges. Therefore, it is more reasonable to identify the bruise edge
pixels instead of the entire bruise pixels.

Image processing methods for identifying apple bruises do not involve establishing statistical models.
These methods require a small number of samples to determine the key parameters of the algorithm. If
the cutoff frequency is larger, there will be a more obvious �ltering effect. The recognition rate of sound
apples increases, while the recognition rate of bruised apples decreases. In contrast, if the �ltering effect
is weakened, the recognition rate of the sound apples decreases, and the recognition rate of bruised
apples increases. If the cutoff frequency is variable, the bruise recognition result will be further improved.

4. Conclusions
In this study, a near-infrared camera was used to collect near-infrared images of sound apples and apples
bruised within half an hour. A two-level image preprocessing method was used. Then, the edge of the
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bruised area was extracted by the gradient grayscale image, which re�ected the rate of change of the
grayscale. The recognition accuracy of all apples was 97.62%. From the obtained gradient grayscale
image, the location of the bruises in the apples could be seen clearly. Therefore, it is feasible to use near-
infrared camera imaging technology and image processing methods to identify bruises on apples or
other fruits. This study provides a reference method for the online or in vivo detection of apple bruises in
the future.
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Figure 1

Schematic diagram of the device for manufacturing apple bruises
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Figure 2

The system for acquisition of the near-infrared image

Figure 3

Comparison of visible light images and near-infrared images. (a) The visible-light image of a bruised
apple. (b) Near-infrared image of the same bruised apple.
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Figure 4

The bruise edge calculation for an apple sample

Figure 5
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Two-level image preprocessing and image derivation for a bruised apple

Figure 6

Identi�cation results of 20 sound samples in the test set.

Figure 7

Identi�cation results of bruised samples
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Figure 8

Confusion matrix


