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Abstract 

To deduce the process of bruise and reduce the number of bruised fruits from the source, the storage time of yellow 
peaches after bruise should be identified. In order to distinguish the different storage times of mild bruise’s yellow 
peaches more effectively than current detection methods, the combined hyperspectral imaging and machine learn‑
ing method was proposed. Firstly, the sample bruise region spectrum was extracted as spectral features, and then, the 
hyperspectral images were processed by Principal Component Analysis (PCA), and eight single‑wavelength images 
were selected according to the weight coefficient curve of PC1 images, and the gray values of the selected images 
were calculated as image features. Finally, in order to find the optimal discriminative model, random forest (RF), sup‑
port vector machine (SVM), and extreme gradient boosting (XGBoost) models were built based on spectral features, 
image features, and spectral features combined with image features, respectively. The results show that the XGBoost 
models based on spectral features, image features, and spectral features combined with image features are the opti‑
mal models with the overall accuracy of 77.50%, 87.50% and 90.00%, respectively. To simplify the model, Competitive 
Adaptive Reweighted Sampling (CARS) algorithm was used to screen the wavelength of the normalized spectral data, 
and then they were fused with the image feature data again and the XGBoost model with an overall model accuracy 
of 95.00% was built. To sum up, the combined hyperspectral imaging and machine learning method can be used to 
distinguish the different storage times (2 h, 8 h, 24 h and 48 h) of mild bruise’s yellow peaches effectively. It provides a 
certain theoretical basis for hyperspectral imaging technology in fruit bruise detection.
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Introduction
With the standard of living and demand improving, Chi-
na’s fruit industry has become a trillion-dollar industry. 
Customers give the quality and safety of fruits more and 
more attention. Yellow peaches contain a large amount 
of vitamin C and many trace elements required by the 

human body, and they also have the function of prevent-
ing diseases such as anemia and beauty care (Huang et al. 
2021; Liu et al. 2020). In recent years, yellow peaches are 
more and more popular in market. However, due to the 
texture of yellow peaches being soft, they aren’t resist-
ant to storage (Yu et  al. 2020). In order to make yellow 
peaches better for sale, a series of treatments such as 
selection, grading, and packaging are carried out on 
them, and the bruise, which is one of the main physical 
damages causing degradation and post-harvest losses of 
horticultural products, inevitably occurs in those pro-
cess (Opara and Pathare 2014). The bumping of fruits 
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accelerates their ripening and spoilage, and it is more 
likely to harbor molds and bacteria in the bruised area 
(Luo et al. 2019). Yellow peaches are often processed into 
canned goods. If the storage time of the bruise’s yellow 
peaches is short, the quality of canned goods may not 
be affected. However, if the storage time of the bruise’s 
yellow peaches is too long, the quality of canned goods 
will be affected. Therefore, it plays a vital role in finding 
the method which can be used to distinguish the dif-
ferent storage times of bruise’s yellow peaches for the 
commercial value of yellow peaches and similar fruits. 
From a practical point of view, it is possible to reduce 
the occurrence of bruises at the source by backtracking 
to the point where bruises occur, and then the targeted 
improvements to the process are made. Therefore, it is 
important for businesses to distinguish the storage time 
of bruised yellow peaches.

In the past 20  years, machine vision (Fan et  al. 2020; 
Bennedsen et al. 2005), near-infrared spectroscopy (Guo 
et  al. 2021; Zhang et  al. 2013), thermal imaging (Kim 
et  al. 2014; Baranowski et  al. 2012), structured light (Li 
et al. 2018; Lu and Lu 2017), and hyperspectral imaging 
detection (Munera et al. 2021; Tan et al. 2018) are widely 
used to detect the bruise of fruits. Among these tech-
niques, since hyperspectral imaging technology is based 
on very much narrow-band image data technology, and 
it combines imaging technology and spectral technol-
ogy to detect two-dimensional geometric space and one-
dimensional spectral information of the target, and the 
continuous and narrow band image data of hyperspectral 
resolution is obtained, which makes it a hot technology 
for detecting fruit collision. For example, Luo et al. (2019) 
used hyperspectral imaging to obtain images of sound 
samples and bruised samples of green-skinned, inter-
mediate-colored-skinned (green–red), and red-skinned 
(dark-red) apples. The images in the visible near infrared 
(Vis–NIR), visible (Vis) and near infrared (NIR) spectral 
regions were subjected to principal component analy-
sis (PCA), and then three key wavelength images were 
obtained for subsequent analysis based on the weight-
ing coefficients of the PC images. Finally, the improved 
watershed algorithm was used for collision detection, and 
the overall accuracy was 99.5%. Zhang et al. (2022) pro-
posed a method for predicting mechanical parameters 
after impact damage to apples based on 900–1700  nm 
hyperspectral imaging. Firstly, the spectra were extracted 
based on the selected regions. Then, principal compo-
nent analysis (PCA) and successive projections algo-
rithm (SPA) were used to select the feature wavelengths. 
Finally, a support vector machine (SVM) model based 
on the full waveband and selected wavelengths was used 
for nondestructive detection of mechanical parameters. 
Yuan et al. (2022) obtained the reflection (R), absorption 

(A) and Kubelka–Munk (K-M) spectra of Lingwu jujube 
after bruising by hyperspectral imaging technology, and 
the feasibility of detecting the early damage degree of 
Lingwu jujube based on absorption spectra using differ-
ent preprocessing methods and modeling approaches 
was demonstrated.

Some previous studies have been done to detect the 
storage time of fruits after bruising by hyperspectral 
imaging. For example, Chen et  al. (2017) collected 480 
hyperspectral images of intact samples and samples from 
1 to 7  days after damage, and 60 kulle pears were used 
as the study object. The spectral data were processed by 
wavelet transform (WT), and 19 feature wavelengths 
were extracted from the full-spectrum information using 
second-order derivatives, and a support vector machine 
(SVM) model was established based on the full spec-
trum and the extracted feature wavelengths, respectively. 
And the recognition rate of both prediction sets reached 
93.75% in the discriminant analysis models based on the 
full spectrum and the feature wavelengths. Yuan et  al. 
(2021) used the hyperspectral technique to collect five 
time-point average spectra of Lingwu long jujube. Based 
on raw data and pre-processed spectra, a partial least 
squares discriminant analysis (PLS-DA) classification 
model was established; then, various variable selection 
methods were used to select the feature variables; and 
finally, a PLS-DA model based on the feature variables 
was developed; the results showed that the hyperspec-
tral imaging technology combining with PLS-DA could 
distinguish bruise’s Lingwu long jujube at different stor-
age times. Tang et  al. (2020) exposed the bruised area 
of the apple at room temperature for different periods, 
and spectral data of these samples were collected based 
on hyperspectral technology; then piecewise nonlin-
ear curve fitting (PWCF) was used to extract the feature 
descriptors; finally, the feature descriptors were fed into 
an error correction output coding-based support vector 
machine (ECOC-SVM). The experimental results showed 
that the method effectively classified the storage time of 
bruised apples. These scholars come true the detection of 
fruit defects and storage time of mild bruise’s fruit based 
on hyperspectral technique and the satisfactory results 
are achieved. However, it is not guaranteed that the stor-
age time of all fruits after bruising can be distinguished 
only based on the modeling of spectral data. So, we 
should make full use of the advantages of hyperspectral 
“union of imagery and spectrum,” and use the image fea-
tures to classify the storage time of fruits after bruising.

Therefore, to distinguish the different storage times of 
mild bruise’s yellow peaches more effectively, the com-
bined the mild bruise of yellow peaches’ hyperspectral 
images spectral and image features at 2 h, 8 h, 24 h and 
48  h and machine learning method is used to model. It 
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provides a theoretical basis for hyperspectral imaging 
technology in fruit bruise detection.

Materials and methods
Sample preparation and processing
The yellow peaches used in the experiment were bought 
from Linyi of Shandong Province. Before the experiment, 
the samples were screened to remove the defective ones. 
To prevent the size and temperature factors of samples 
from interfering with the experimental results, in the 
experiment, 80 yellow peaches with a diameter of about 
80 mm were used, and the selected yellow peaches were 
placed in the dark environment at 24 °C for 12 h. For the 
bruise treatment of yellow peaches in the experiment, the 
iron ball with a diameter of 30 mm and a weight of 100 g 
was fixed on the falling ball impact test machine, and it 
was 0.4 m away from the surface of yellow peach. At this 
time, the gravitational potential energy of the iron ball 
was about 0.4 J. It was assumed that all the kinetic energy 
converted from the gravitational potential energy of the 
iron ball was absorbed by sample. Hence, the free fall 
of the iron ball striking the surface of the yellow peach 
caused mild damage to it (Li et  al. 2021a). The bruise’s 
yellow peaches were stored at the room with the temper-
ature of 24 °C and the relative humidity of 65%. Then the 
hyperspectral images of samples were collected at 2  h, 
8 h, 24 h and 48 h.

Acquisition and correction of hyperspectral images
The experimental data were collected by the Gaia hyper-
spectral sorter, whose composition structure schematic 
and collected 3D data cubes are shown in Fig. 1. The sys-
tem hardware consists of an imaging spectrometer, four 
halogen lamps (20 W), displacement stages, and stepper 
motors. The software of Spectral View is used to obtain 
data.

Before image acquisition, the hyperspectral system 
needs to be turned on and it is preheated for 0.5 h to pre-
vent extraneous factors from interfering with experimen-
tal results. The parameters are: camera exposure time 
is 6  ms; the spectral resolution is 3.5  nm; the spectral 
range is 397.5–1014  nm; displacement platform move-
ment speed is 2.5 m/s. Operation steps: 1. The sample is 
placed on the moving platform; 2. The moving platform 
is opened until the moving platform’s motion is finished, 
and then the save button is clicked; 3. A 3D data cube 
containing image information and spectral information is 
recorded by computer software.

The acquisition of experimental data is affected by the 
current dark of the camera. In order to reduce this influ-
ence, the original images need to be corrected with black 
and white (Shao et  al. 2019). The calculation process is 
shown in formula (1):

where R is the corrected image, R0 is the original image, 
B is the blackboard calibration image, and W is the white-
board calibration image.

Data processing
Principal component analysis (PCA)
Principal component analysis (PCA) is an orthogonal 
linear transformation technology. It can transform the 
original data into a set of linear independent represen-
tations of each dimension through linear transforma-
tion to extract the main linear components of the data. 
PCA has been widely used for defect detection of food 
and agricultural products based on hyperspectral image 
data and the satisfactory results are obtained by it (Cheng 
et al. 2004; Qin et al. 2008; Huang et al. 2015). PCA trans-
forms hyperspectral images into principal component 

(1)R =
R0 − B

W − B

Fig. 1 Schematic diagram of the hyperspectral imaging system
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(PC) image sequences by computing linear projections of 
the spectral data (Kara and Dirgenali 2007). The covari-
ance matrix of the image is used to calculate the weighted 
value, and then the linear sum of the original image of 
each wavelength is multiplied by the corresponding 
weight coefficient (eigenvector) to form the PC image 
of each band. In this study, the acquired hyperspec-
tral images are analyzed by PCA to highlight the yellow 
peach bruise region.

Selection of the characteristic wavelength
Because of the fusion of spectral features with image fea-
tures, the amount of data is increased, and the redundant 
information is added. Competitive adaptive reweighted 
sampling (CARS) is used to screen wavelengths to reduce 
the number of data dimensions.

CARS is a simple and effective method for wavelength 
selection based on the survival of the fittest and regres-
sion coefficients. The absolute value of the regression 
coefficient is used as an index to measure the importance 
of wavelength. The exponential decay function is intro-
duced to control the retained rate of wavelengths. The 
minimum root means square error subset of the cross-
validation is selected according to the cross-validation 
method. The contained variables are the best wavelength 
combinations (Li et al. 2009).

Model building and evaluation
Random forest (RF) is a classifier containing multiple 
decision trees, and its output category is determined by 
the mode of the category output by individual trees. A 
particular advantage of this model is that the set of vali-
dation variables is randomized for each split and this 
makes the method to be particularly suitable for multi-
feature prediction (Breiman 2001; Harel et al. 2020).

Support vector machine (SVM) is a method based on 
statistical learning theory. SVM can effectively overcome 
the drawbacks of neural network methods in difficult 
convergence, solution instability, and poor generaliza-
tion (i.e., generalization or prediction ability). SVM mini-
mizes the risk of structuring by balancing the errors in 
the training and test sets to obtain better classification 
accuracy (Vapnik 1999; Tian et al. 2020).

Extreme gradient boosting (XGBoost) can be seen as 
an improved version of the GBDT algorithm. XGBoost 
restricts the base learner to be a CART regression tree 
and it outputs a score instead of a category, which helps 
to integrate the output of all base CART regression trees 
(simple summation). XGBoost introduces parallelization, 
so it is faster, and also XGBoost introduces second-order 
bias of the loss function, which is generally better. The 
principle of operation of XGBoost can be divided into the 
following parts:

1) The objective function of XGBoost: To prevent 
overfitting, a regularization term is added the objec-
tive function of XGBoost, and the loss function is 
chosen to be able to perform a second-order Taylor 
expansion (Chen and Xgboost 2016). The objective 
function is shown in Eq. (2).

2) Determine the output of the leaf nodes of the 
base CART tree: The loss function should satisfy both 
the second-order derivative and Ht + λ > 0, then the 
absolute value of the objective function is obtained by 
Eq. (3).

where T is the total number of leaf nodes of the base 
CART regression tree; ω is the output fraction of the 
leaf nodes of the tree; t = 1, 2, …; T is the output value 
of the t-th leaf node of the base CART regression tree; 
and γ and λ is the coefficients of the regularization terms, 
respectively; y is the absolute value of the objective 
function.

3) Determine the structure of the base CART tree: 
whether the leaf node is suitable to be extended is 
determined by a recursive algorithm. For the particu-
lar leaf node which needs to be extended, its objective 
function value is first calculated before the extension. 
The extended objective function value is calculated 
after extending. According to each taken value, two 
new leaf nodes are segmented. Then the difference 
between the node’s values of two new leaves is calcu-
lated, and the feature achieved the maximum value is 
used, and its value is used to segment the leaf nodes.

4) Parallel computation of XGBoost: Although the 
base CART trees in XGBoost are serial to each other, 
the generation of individual base CART trees can be 
taken in parallel computation.

5) Overfitting treatment of XGBoost: In addition to 
adding regularization terms to the objective function to 
alleviate overfitting, other methods such as limiting the 
maximum depth of the tree, shrinkage, and feature sub-
sampling can also be used.

After the model is established, the accuracy rate of 
each subcategory and the overall accuracy rate of the 
model discrimination are used as its evaluation index. 
The higher the accuracy rate is, the stronger the dis-
criminative performance of model is.

(2)min
ωt

T
∑

t=1

(

Gtωt +
1

2
(Ht + �)ω2

t

)

+ γT

(3)y =

T

t=1

−
G2
t

2(Ht + �)
+ γT
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Results and discussion
Extraction and analysis of features
Extraction and analysis of spectral features
Figure  2 shows the average spectra of healthy samples 
and samples with different bruising times and the cor-
responding images of bruised yellow peaches at four 
different times. The yellow peach’s bruise region spec-
tra were extracted by ENVI4.5 software and the region 
of interest (ROI) size was 160 pixels. From Fig.  2, it 
can be seen that the reflectance of the sound sam-
ples is highest, while the spectral reflectance of the 
four types of bruised samples is different, their gen-
eral trends are similar. The longer the storage time of 
bruise’s yellow peaches are, the lower the reflectance of 
their average spectra is. This may be due to the differ-
ent browning degrees of the bruised area; this makes its 
different absorption in light. As the browning degree 
of the bruised area of samples increasing with the stor-
age time, the browning degree changes more obvious 
at the beginning, the browning degree is close to the 
maximum value at 24  h, so that the browning degree 
doesn’t change much at 48 h comparing with 24 h. Two 
distinct absorption valleys exist in all types of spectra. 
The absorption valley in the S1 region (680–720 nm) is 
caused by the chlorophyll in yellow peaches, the other 
in the S2 region (980–1020 nm) is caused by the O–H 

bond vibrations of water and sugar components (Tang 
et al. 2020).

Extraction and analysis of image features
The collected spectral range is from 397.5 to 1014 nm, 
and the number of bands is 176. Each band corre-
sponds to a single wavelength image, so it is obviously 
impossible to extract features from each image, and the 
data dimension reduction needs to be performed and 
the relevant images is selected to maximize the char-
acterization of yellow peach bruises. PCA can be used 
to reduce hyperspectral dimensions, enhance the tar-
get region’s information, and eliminate noise (Tian 
et  al. 2021). Therefore, in this study, PCA was used to 
downscale the hyperspectral images of all samples, and 
Fig.  3 shows the first five principal component images 
of one of samples after dimensionality reduction with 
a total contribution of 99.92%, and the five princi-
pal component contribution rates are 99.79%, 0.06%, 
0.05%, 0.01% and 0.01%, respectively. It can be seen 
from Fig.  3 that the bruise region features of the PC2 
image aren’t apparent. The bruise region features PC3 
and PC4 show the bruise region well, but they both are 
sensitivity to non-uniform illumination relatively, and 
the intensity distribution of the whole fruit surface isn’t 
uniform. PC5 image is basically noisy, and it is difficult 

Fig. 2 Average spectra of healthy samples and samples with different bruising times and images of the corresponding four different times of 
bruised yellow peaches

Fig. 3 First 5 principal component images
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to identify the bruised area. Compared with the above 
images, the PC1 image retains the real information of 
yellow peaches well, and the bruised area is prominent. 
Therefore, the PC1 image is used to characterize the 
bruise characteristics of yellow peach.

The PC1 images of yellow peach samples at different 
times (2 h, 8 h, 24 h and 48 h) were obtained based on 
PCA, and their weight coefficient curves were plotted. 
As shown in Fig. 4, the weight curves of the four types 
of samples are almost similar shapes, and the char-
acteristic peaks or valleys of the curves give a promi-
nent  contribution to the corresponding PC1 images. 
Therefore, eight single-wavelength images corre-
sponding to characteristic peaks or valleys (672.3  nm, 
696.9  nm, 746.4  nm, 771.3  nm, 937.1  nm, 842.9  nm, 
860.9  nm and 984.6  nm) were used to extract image 
features.

The PC1 image of each yellow peach sample was 
made into a binary mask template corresponding to a 
single wavelength image to remove the background 
of each image. The number of pixels occupied by yel-
low peach samples was counted, and the gray value of 
each pixel was calculated. Then, all gray values were 
summed; finally, the average gray value was used as 

image feature, and the extraction flowchart is shown in 
Fig. 5.

Model building and analysis
In this study, the spectral features, image features, and 
spectral features combining with image features were 
used to model, respectively. The Kennard-stone (KS) 
algorithm was applied to divide the three kinds of fea-
tures into modeling set and prediction set at the ratio 
of 3:1, respectively, i.e., the modeling set had 240 sam-
ple data, the prediction set had 80 sample data. In order 
to find the best discriminative classification model, RF, 
SVM, and XGBoost models were established, respec-
tively, and the performance of the discriminative model 
were evaluated by the accuracy rate and the number of 
false positives.

Modeling based on spectral features
After the original spectral data of the bruised area being 
processed by KS, three discrimination models were 
established, respectively, and the discriminative results of 
the models are shown in Table 1.

From Table  1, the overall accuracy of the three mod-
els based on spectral features doesn’t reach more than 

Fig. 4 PC1 image weight coefficient curve and corresponding single wavelength image of four types of samples

Fig. 5 Flowchart of average gray value extraction
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80.00%, and the accuracy of each subcategory varies 
widely. The subcategory with the highest accuracy is the 
sample with a storage time at 2 h after bruising, and the 
lowest is the sample with a storage time at 24  h. It can 
be interpreted from the spectral reflectance in Fig. 3, the 
highest spectral reflectance is the sample with a storage 
time at 2 h, and it has a large difference from the others, 
so the discrimination accuracy is highest. The discrimi-
nation accuracy of RF and XGBoost models are 100.00% 
on this subcategory, while the other three kinds of spec-
tral reflectance aren’t separated well, so the three models 

aren’t satisfactory in discriminating these three subcat-
egories. From Fig. 6, it can be seen that the models mis-
judge each other when they are used to discriminate the 
three categories of storage time at 8 h, 24 h and 48 h. It 
can be seen from Table 1 that the best discriminant effect 
of the three models established based on spectral char-
acteristics is the XGBoost model, with the overall accu-
racy of 77.50%, and the overall accuracy of RF and SVM 
models is 73.75% and 66.25%, respectively. Yuan et  al. 
(2021) established a PLS-DA model based on the spectra 
of Lingwu jujube at five time points (2 h, 4 h, 8 h, 12 h, 
and 24 h) after bruising, and the prediction set accuracy 
of the model was 90.00% at the original spectra. Although 
the results of this study are satisfactory in discriminating 
the storage time of bruised Lingwu, it isn’t sure that the 
storage time of all fruits after bruising can be well dis-
tinguished based on spectral data, so, in this study, the 
spectral features combined with image features are used 
to achieve better discrimination.

Figure  6 visualizes the results of RF, SVM, and 
XGBoost models built based on spectral features using 
confusion matrices. The colors in the confusion matrix 
are represented as heat maps with values from 0 to 20. 
From the figure, it can be seen that the subcategory 48 h 
is indeed easy to misclassify as subcategory 24 h, and in 
the RF, SVM and XGBoost models, 7, 6 and 5 samples are 
misclassified as subcategory 24 h, respectively, when the 
models are used to identify the samples of subcategory 
48 h. For the XGBoost model with the best discrimina-
tion, one sample is misclassified as 24  h in identifying 
subcategory 8 h samples, when the model is used to iden-
tify the samples of subcategory 24 h, five are misclassified 
as 8 h and five are misclassified as 48 h.

Table 1 Modeling results based on spectral features

“c” is the penalty coefficient, “g” is the radius of the kernel function, optimize “c” and “g” by Gridsearch

“eta” is the learning rate, “max_depth” is the maximum depth of each tree

Storage time (h) Evaluation index Classification model

RF SVM (c = 13.9288, 
g = 0.1649)

XGBoost 
(eta = 1, max_
depth = 1)

2 Number of misjudgments 0 1 0

Accuracy (%) 100.00 95.00 100.00

8 Number of misjudgments 3 4 1

Accuracy (%) 85.00 80.00 95.00

24 Number of misjudgments 10 16 10

Accuracy (%) 50.00 20.00 50.00

48 Number of misjudgments 8 6 7

Accuracy (%) 60.00 70.00 65.00

Total number of misjudgments 21 27 18

Overall accuracy (%) 73.75 66.25 77.50

Fig. 6 Visual confusion matrix of three different modeling methods 
based on spectral features, where R, S and X stand for “RF,” “SVM” and 
“XGBoost,” respectively
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Modeling based on image features
The image feature data of all yellow peach samples pro-
cessed by KS was used to establish three discrimina-
tive models, respectively. The discriminative results are 
shown in Table 2.

From Table  2, the overall accuracy of RF, SVM and 
XGBoost models based on image features are 86.25%, 
81.25% and 87.50%, respectively, which are higher than 
those based on spectral features. It shows that it is feasi-
ble to distinguish peaches stored at different times after 
bruising according to the gray value of PC1 images, and 
the satisfactory results are achieved. Three models based 
on image features for four storage time discrimination, 
the best effect is 8 h, the accuracy of all models reaches 
100%.

Figure  7 visualizes the results of the RF, SVM and 
XGBoost models based on image features using the con-
fusion matrix. The colors in the confusion matrix are 
represented by heat maps with values from 0 to 20. From 
the figure, it can be seen that the mutual misclassification 
phenomenon is more serious between the storage time of 
24 h and 48 h. When the models are used to identify the 
samples of subcategory 24  h, in RF, SVM and XGBoost 
models, 3, 5 and 2 samples are misclassified as subcat-
egory 48  h, respectively, when the models are used to 
identify the samples of subcategory 24 h, 3, 3 and 2 sam-
ples are misclassified as subcategory 24  h, respectively. 
The reason for this situation may be that when the image 
is obtained, the position of the two time points of the 
sample is different, and there are some differences in the 
light intensity of the sample surface, or it is related to the 
relatively close gray value of the bruised area, because the 
browning of the bruised area deepened with time after 

the bruising of yellow peaches, the browning may have 
been close to the maximum degree after 24 h of bruising, 
so that the degree of browning does not change much 
after 48 h compared with 24 h. Therefore, the combina-
tion of image features and spectral features may improve 
the misclassification phenomenon.

Modeling based on spectral features combining with image 
features
Due to the large differences between spectral features 
and image features, they were normalized, and then the 

Table 2 Modeling results based on image features

“c” is the penalty coefficient, “g” is the radius of the kernel function, optimize “c” and “g” by Gridsearch

“eta” is the learning rate, “max_depth” is the maximum depth of each tree

Storage time (h) Evaluation index Classification model

RF SVM (c = 6.0629, 
g = 0.0.0544)

XGBoost 
(eta = 1, max_
depth = 1)

2 Number of misjudgments 2 2 2

Accuracy (%) 90.00 90.00 90.00

8 Number of misjudgments 0 0 0

Accuracy (%) 100.00 100.00 100.00

24 Number of misjudgments 5 8 3

Accuracy (%) 75.00 60.00 65.00

48 Number of misjudgments 4 5 5

Accuracy (%) 80.00 75.00 55.00

Total number of misjudgments 11 15 10

Overall accuracy (%) 86.25 81.25 87.50

Fig. 7 Visual confusion matrix of three different modeling methods 
based on image features, where R, S and X stand for “RF,” “SVM” and 
“XGBoost,” respectively
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discriminative models were established based on the pro-
cessed data, and the results of the models are shown in 
Table 3.

From Table  3, it can be found that the overall accu-
racy of RF, SVM and XGBoost models based on feature 
fusion are 88.75%, 63.75% and 90.00%, respectively. Com-
pared with the models based on single feature, the dis-
criminant effect of RF and XGBoost models is improved, 
while the discriminant effect of SVM model is worse. 
The reason for this situation is that the feature fusion not 
only provides useful information for modeling, but also 

increases some useless information this shows that the 
feature fusion is more harm than good for SVM mod-
els. However, compared with Tables 1, 2 and 3, it can be 
found that the accuracy of each subcategory of SVM has 
changed, and the SVM model based on feature fusion is 
better than the SVM model based on spectral features in 
the category of discriminating storage time of 24 h. This 
indicates that the feature fusion plays a certain effect 
on the model to discriminate the storage time of yellow 
peaches after bruising, and the overall accuracy of RF 
and XGBoost models are improved. Therefore, a suitable 
model selected under the basis of feature fusion can still 
improve the discriminative effect of the model.

Figure  8 visualizes the results of the RF, SVM and 
XGBoost models based on feature fusion using the con-
fusion matrix. The colors in the confusion matrix are rep-
resented by heat maps with values from 0 to 20. Among 
the three models, the XGBoost model has the greatest 
improvement in discrimination, and the overall accuracy 
is improved by 12.50% and 2.50%, respectively, compared 
with the XGBoost models based on spectral features 
and image features. As can be seen in Fig. 8, the model 
misclassified one of them as subcategory 24 h when the 
model is used to identify the samples with subcategory 
8  h; three of them are misclassified as subcategory 8  h; 
when the model is used to identify the samples with 
subcategory 24  h, and four of them are misclassified as 
subcategory 8 h, when the model is used to identify the 
samples with subcategory 48 h.

Screening of characteristic wavelengths
Compared with the previous models under single fea-
tures, the accuracy of the model based on features 

Table 3 Modeling results based on spectral features combined with image features

“c” is the penalty coefficient, “g” is the radius of the kernel function, optimize “c” and “g” by Gridsearch

“eta” is the learning rate, “max_depth” is the maximum depth of each tree

Storage time (h) Evaluation index Classification model

RF SVM (c = 1.0000, 
g = 0.1000)

XGBoost 
(eta = 1, max_
depth = 1)

2 Number of misjudgments 0 1 0

Accuracy (%) 100.00 95.00 100.00

8 Number of misjudgments 1 5 1

Accuracy (%) 95.00 75.00 95.00

24 Number of misjudgments 4 11 3

Accuracy (%) 80.00 45.00 85.00

48 Number of misjudgments 4 12 4

Accuracy (%) 80.00 40.00 80.00

Total number of misjudgments 9 29 8

Overall accuracy (%) 88.75 63.75 90.00

Fig. 8 Visual confusion matrix of three different modeling methods 
based on feature fusion, where R, S and X stand for “RF,” “SVM” and 
“XGBoost,” respectively
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fusion is not significantly improved. Still, the features 
fusion increases the data volume, and the redundant 
information is added. Therefore, in order to simplify 
the model and improve the accuracy of the model, 
CARS algorithm was used to screen the wavelength 
of the normalized spectral feature data in MATLAB. 
The process of CARS screening wavelength is shown 
in Fig. 9.

From Fig.  9, the number of sampling times is set 
to 100, and Fig.  9a shows the trend of the number of 
variables with the number of sampling runs, and the 
number of selected wavelengths gradually decreases as 
the number of the sampling runs increases. Figure 9b 
shows the trend of RMSECV with the number of sam-
pling runs, and the RMSECV decreases slowly at the 
beginning, it indicates that some irrelevant variables 
are removed in the process of sampling. And then the 
RMSECV steps up, and some variables with high cor-
relation are removed (Li et al. 2021b). Figure 9c shows 
that the RMSECV is the smallest when the sampling 
number is 29, at which time a total of 50 characteristic 
wavelengths are screened out, accounting for 28.41% 
of the full band. The detailed wavelengths selected by 
CARS are shown in Table 4.

Analysis of model building at characteristic wavelengths
Among the models based on features fusion, the 
XGBoost model is best, so the screening spectral features 
are fused with the image features and it is used to estab-
lish the XGBoost model. The results are shown in Table 5.

As can be seen from Table  5, the overall accuracy of 
the XGBoost model based on band screening is 95.00%, 
which is 17.50%, 7.50%, and 5.00% higher than the 
overall accuracy of the XGBoost model based on spec-
tral features, based on image features, and before band 
screening, respectively. Yuan et  al. (2021) established a 
PLS-DA model based on the spectra of five time points 
of Lingwu jujube after bruising, and the accuracy of the 
prediction set of the model under the original spectra 
was 90.00%, and the accuracy of the XGBoost model 
based on the screened spectral features combined with 
image features for the classification of storage time of yel-
low peaches after bruising is 5.00% higher in this study. 
Therefore, the spectral features combined with the image 
features can be used to well distinguish the storage time 
of yellow peaches after bruising. Figure 10 visualizes the 
results of the XGBoost model built based on the filtered 
spectral features combined with image features using 
the confusion matrix. The colors in the confusion matrix 

Fig. 9 The CARS screening wavelength process: (a) trend chart of the number of wavelengths; (b) trend chart of the RMSECV; (c) trend chart of the 
regression coefficients of the wavelength variables

Table 4 CARS screening results

Method Number Specific wavelength (nm)

CARS 50 427.8, 451.5, 454.9, 465.1, 468.5, 471.9, 475.3, 512.8, 516.3, 519.7, 533.4, 540.3, 554.1, 588.6, 599.0, 609.5, 623.4, 626.9, 637.3, 654.8, 
693.4, 696.9, 742.9, 750.0, 771.3, 789.1, 799.9, 810.6, 817.8, 821.3, 832.1, 835.7, 839.3, 850.1, 853.7, 864.5, 871.7, 875.3, 882.6, 889.8, 
907.9, 922.5, 926.1, 929.8, 933.4, 966.3, 969.9, 988.3, 991.9, 1010.3
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are represented by heat maps with values from 0 to 20. 
From the figure, it can be seen that the XGBoost model 
achieves 100.00% accuracy. When the model is used to 
identify the samples 2 h and 8 h, and 2 samples are mis-
classified to subcategory 8  h in identifying subcategory 
24 h; and 2 samples are misclassified as subcategory 8 h 
in identifying subcategory 48 h.

Conclusion
In this study, a hyperspectral imaging system was used 
to acquire images of yellow peaches at 2 h, 8 h, 24 h and 
48 h after bruising, and to verify the feasibility of distin-
guishing yellow peaches at different storage times after 
mild bruising by combining the advantage of hyperspec-
tral "union of imagery and spectrum" and machine learn-
ing algorithms for modeling. Firstly, the sample bruise 
region spectrum was extracted as the spectral feature, 
then, the hyperspectral image was processed by PCA, 
eight single wavelength images were selected accord-
ing to the weight coefficient curve of PC1 image, and the 
gray value of the selected image was calculated as the 
image feature. Secondly, RF, SVM and XGBoost models 

based on spectral features, image features and spectral 
features combined with image features were established, 
and finally, the XGBoost models based on spectral fea-
tures, image features and spectral features combined 
with image features were found to be the optimal models 
with an overall accuracy of 77.50%, 87.50% and 90.00%, 
respectively. Since feature fusion increased the amount 
of data and adds redundant information, the CARS algo-
rithm was used to screen the wavelength of normalized 
spectral data, and then they were fused with the image 
feature data again and an XGBoost model with an over-
all model accuracy of 95.00% was built. In summary, this 
study shows that the combined hyperspectral imaging 
and machine learning method can be used to detect yel-
low peaches stored for different times after mild bruising, 
but the sample size is insufficient and there are risks in 
the future external validation process. Therefore, in fur-
ther studies, multiple time gradients and yellow peaches 
with different bruise degrees should be added for mod-
eling and analysis.
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