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Abstract: Strawberry anthracnose, caused by Colletotrichum spp., is a major disease that causes
tremendous damage to cultivated strawberry plants (Fragaria × ananassa Duch.). Examining and
distinguishing plants potentially carrying the pathogen is one of the most effective ways to prevent
and control strawberry anthracnose disease. Herein, we used this method on Colletotrichum gloeospori-
oides at the crown site on indoor strawberry plants and established a classification and distinguishing
model based on measurement of the spectral and textural characteristics of the disease-free zone
near the disease center. The results, based on the successive projection algorithm (SPA), competitive
adaptive reweighted sampling (CARS), and interval random frog (IRF), extracted 5, 14, and 11 charac-
teristic wavelengths, respectively. The SPA extracted fewer effective characteristic wavelengths, while
IRF covered more information. A total of 12 dimensional texture features (TFs) were extracted from
the first three minimum noise fraction (MNF) images using a grayscale co-occurrence matrix (GLCM).
The combined dataset modeling of spectral and TFs performed better than single-feature modeling.
The accuracy rates of the IRF + TF + BP model test set for healthy, asymptomatic, and symptomatic
samples were 99.1%, 93.5%, and 94.5%, the recall rates were 100%, 94%, and 93%, and the F1 scores
were 0.9955, 0.9375, and 0.9374, respectively. The total modeling time was 10.9 s, meaning that this
model demonstrated the best comprehensive performance of all the constructed models. The model
lays a technical foundation for the early, non-destructive detection of strawberry anthracnose.

Keywords: hyperspectral; strawberry anthracnose; characteristic wavelength; texture features;
convolutional neural network

1. Introduction

A strawberry anthracnose disease epidemic occurring throughout the strawberry
growing season has become a destructive disease in strawberries all over the world. The
naked eye is unable to perceive the early stages of the occurrence of strawberry anthracnose
disease. Epidemic outbreak can easily occur once pathogens reach the disease emergence
stage, particularly during the growth period of strawberry plants; this has become the main
factor limiting strawberry production. The disease causes tremendous loss of seedlings,
and latent anthracnose infection leads to the appearance of asymptomatic diseased plants.
Once diseased plants are transplanted into a fertile field, the disease may accelerate, and an
epidemic can occur in a disease-favorable environment, leading to the death of all of the
plants [1–5]. This is one of the main reasons for the early death of seedlings in cultivated
strawberry fields since the promotion of Fragaria × ananassa ‘Benihoppe’, especially in the
last decade.

The early detection of plant diseases is the prerequisite and foundation for disease
prevention. At present, the identification of strawberry anthracnose depends mainly on
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manual identification and laboratory polymerase chain reaction (PCR) technology. Al-
though very experienced strawberry growers can identify symptomatic plants infected
with anthracnose, not all have sufficient experience, and even the most experienced grow-
ers cannot identify asymptomatic infected plants. PCR technology can detect whether
strawberry plants are infected with the anthracnose pathogen [6,7], but this technology
also has many limitations: (i) only infection in the leaves [8], petioles [9], or crowns of
plants [10] can be detected, and the detection object is subjected to a certain degree of
damage; (ii) due to cost constraints, only sampling testing methods can be used, and
samples that are automatically selected cannot be completely analyzed; (iii) the need for
laboratory testing makes it difficult for strawberry practitioners to implement this practice;
and (iv) the detection of this disease requires a certain amount of time, making it difficult
to meet production schedule expectations. Therefore, to achieve the rapid diagnosis and
detection of the asymptomatic infection of strawberry anthracnose is of great significance
for the prevention and control of strawberry diseases.

Hyperspectral technology provides support for the diagnosis and detection of plant
diseases [11–15]. Numerous reports have been published on non-destructive disease
detection using hyperspectral technology, laying the technical foundations for practical
application in field production [16–21]. In the process of constructing distinguishing
models using hyperspectral feature information, existing researchers have studied the
use of feature extraction and characteristic wavelength selection to construct a disease
distinguishing model. Fazari et al. applied convolutional neural networks (CNN) and
61-band hyperspectral images to detect anthracnose in olives, achieving 85% recogni-
tion after three days of infection [22]. Gao et al. extracted six characteristic wavelengths
(690, 715, 731, 1409, 1425, and 1582 nm) using the minimum absolute shrinkage and selec-
tion algorithm, and evaluated the ability of these six characteristic wavelengths to detect
grape leaf roll disease using the least squares support vector machine; the classification
accuracy for asymptomatic test set data in this study reached 89.93% [23]. Anna et al.
used near-infrared spectroscopy technology, support vector machines, and random forest
machine learning algorithms to detect rice sheath blight before symptoms of the disease
appeared. The results were verified using sparse partial least squares discriminant analysis,
and the overall accuracy reached 86.1% [24]. Xu et al. utilized hyperspectral technology
combined with CNN to achieve the early diagnosis of wheat Fusarium head blight; the F1
score and accuracy of the test set were 0.75 and 74%, respectively [25]. These results indicate
that hyperspectral imaging technology can enable the non-destructive detection of plant
diseases. At present, the use of hyperspectral technology for strawberry disease detection
focuses mainly on distinguishing between infected and healthy individuals [26–28]. The
detection of asymptomatic infections in these studies is rare, since for the detection of
strawberry diseases that remain in the leaf zone, anthracnose infection in the leaf zone does
not directly lead to the death of the whole plant, whereas crown disease will result in plant
death [29,30]. Furthermore, the above research only used universal machine learning mod-
els or deep learning models, meaning that they ignored the importance of other features
based on spectral features [31]. The fusion of spectral and texture features has rarely been
considered in research [32].

The specific objectives of this study were to: (i) use the SPA, CARS, and IRF algorithms
to extract characteristic wavelength combinations related to strawberry diseases, and extract
TF based on GLCM; (ii) combine TF with spectral features to establish an asymptomatic
infection distinguish model for strawberry anthracnose; and (iii) fuse spectral data, TF
data, and two other types of data into the machine learning back propagation (BP) neural
network model and deep learning CNN model for modeling and analysis to determine
the optimal model and feature data combination for detecting the asymptomatic infection
stage of strawberry anthracnose.
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2. Materials and Methods
2.1. Strawberry Plants and Isolates

The samples of strawberry plants used were Fragaria × ananassa ‘Benihoppe’, culti-
vated by substrate plug cutting at the Lishui District Experimental Base, Nanjing, China.
The tested strains of C. gloeosporioides were provided by the College of Plant Protection of
Nanjing Agricultural University.

2.2. Inoculation of Strawberry Anthracnose Pathogen

After one year of storage at 4 ◦C, C. gloeosporioides isolate was retrieved from long-term
storage and transferred twice on fresh potato dextrose agar (PDA) at 26 ◦C before inocu-
lation. Inoculation was performed on the strawberry crown site during water cultivation
of ‘Benihoppe’, a strawberry cultivar susceptible to C. gloeosporioides. For this experiment,
fully expanded plants excised from strawberry plants grown in the field for ~4 weeks were
placed into 20 mL of sterile water in a 6 cm paper cup. The C. gloeosporioides isolate was
grown on PDA plates in a 9 cm Petri dish at 26 ◦C for 7 days (Figure 1a). Mycelia plugs
(5 mm in diameter) were taken from the margin of each colony and inoculated on the same
side of the crown with sterilized pipette tips (10 mm in diameter) to fix the peripheral
mycelium plugs (Figure 1b). We fixed them with a pin, as shown in Figure 1c. The inocu-
lated plants were arranged in a randomized complete block design and maintained at 26 ◦C
and 95% humidity in light and dark for 12 h alternately. A total of 120 healthy strawberry
seedlings of similar age, size, and growth were selected, of which 60 were inoculated with
C. gloeosporioides and the other 60 served as the healthy control group. After small lesions
were generated at the crown of the strawberries, spectral data collection was carried out.
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view of the crown of the inoculated root.

In order to ensure the success of vaccination and ensure that the disease was caused
by C. gloeosporioides, Koch’s rule was used for experimental verification [33]. Anthracnose
pathogens were isolated from anthracnose foci inoculated tissue, as shown in Figure 2a,b.
During the separation process, the surface was disinfected with 75% ethanol, soaked
with 2% sodium hypochlorite for 60 s, and then soaked with 75% alcohol for 30 s. The
surface was then washed with sterilized water three times. After drying, the infected
site was transferred to the PDA containing ampicillin (an antibiotic to inhibit the growth
of impurities) and cultured at 25 ◦C until fungal mycelium emerged from the necrotic
tissue. After 5–7 days, the mycelium was transferred from the colony edge to the PDA. The
isolated bacteria were inoculated on healthy plants (Figure 2c) and incidence was observed
(Figure 2d). The content of Figure 2a is consistent with the observation of incidence in
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Figure 2d. Koch’s rule was validated, proving that the lesions at the inoculation site were
indeed caused by C. gloeosporioides.
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2.3. Hyperspectral Data Acquisition and Processing

The hyperspectral system is shown in Figure 3. The push-scan hyperspectral imaging
system (Model HIS-VNIR-0001, Shanghai Wuling Optoelectronics Technology Co., Ltd,
Shanghai, China) consisted of a spectral camera (Raptor EM285 high-sensitivity camera,
Shanghai, China), a light source (21 V/200 W stable output halogen light source), a double-
branch linear light tube (linear luminous length 15.24 cm), a dark box, a computer, an
electronically controlled shift stage (IRCP0076, Isuzuoptics, Taiwan, China), and other com-
ponents. The spectral wavelength range was 373–1033 nm, and the equipment parameters
were adjusted for photographic accuracy, with a 35 mm imaging lens, an object distance of
27 cm, an exposure time of 2.0 ms, and a light intensity of 100 lx.

To convert the light intensity values into reflectance, the hyperspectral imaging system
must be black-and-white calibrated before hyperspectral image acquisition trials of straw-
berry seedlings. The black-and-white calibration process commences with the acquisition
of an image Iw(i) using a standard white calibration plate, followed by the acquisition of
an all-black calibrated image Id(i) with the lens cap on; finally, the calibration process is
completed according to Equation (1) [34] using the following formula:

R(i) =
Ir(i)− Id(i)
Iw(i)− Id(i)

(1)
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where R(i) is the relative of the rectification image, Ir(i) is the original image reflectance
of the experimental spectrum, Iw(i) is the spectral reflectance after whiteboard correction,
and Id(i) is the spectral reflectance after blackboard correction.
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2.4. Methods for Constructing Hyperspectral Models

Figure 4 shows a flowchart of the diagnosis of strawberry anthracnose using different
features of hyperspectral images and their combinations. There are three important steps:
(i) the processing and analysis of hyperspectral data was performed based on spectral
features and texture features; the feature wavelength was extracted using the SPA, CARS,
and IRF. (ii) At the same time, GLCM was used to extract 12 dimensional TFs from the first
three MNF images. (iii) Finally, spectral and texture features and their combinations were
used to construct BP and CNN models, and the confusion matrices and modeling times
were used to comprehensively evaluate the performance of different models.
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2.4.1. Spectral Data Extraction

Raw files were imported using ENVI 5.3 software. A total of 120 healthy strawberry
sample images and 120 diseased strawberry sample images were collected using hyper-
spectral instruments. The original collected hyperspectral data contain 306 wavelengths
of information per image, and as the raw hyperspectral data contained a large amount of
noise and invalid information at the beginning and end [35], 241 wavelengths from 447 nm
to 965 nm were selected for data analysis to improve the accuracy of the later modeling [36].
Strawberry anthracnose has an incubation period during the onset period and will not
immediately appear. To achieve the identification of asymptomatic infection status in the
infected crown, hyperspectral data from the non-diseased area of the infected crown close
to the lesion were extracted as an asymptomatic infection sample for analysis. The samples
were divided into three categories according to the degree of infection: healthy samples,
asymptomatic infections (invisible to the naked eye), and symptomatic infections (visible
to the naked eye). A 5 × 5 region of interest (ROI) was selected in each of the healthy (H),
asymptomatic infection (AI) and symptomatic infection (SI) data regions and the average
spectral reflectance within the ROI was used as the spectral information. In total, 800 ROIs
were extracted from each of the three classes of samples for a total of 2400 ROIs, and all data
sets were subsequently preprocessed using Savitzky–Golay smoothing (SG) [37], while
labels 1, 2, and 3 were used to represent healthy, asymptomatic infection, and symptomatic
infection samples, respectively.

2.4.2. Characteristic Wavelength Selection

The SPA is a forward variable selection algorithm that minimizes vector space covari-
ance. The specific steps of this algorithm are as follows [38]: first, select a spectral column
vector in the spectral data as the starting vector and then calculate the projection of other
column vectors on the starting vector. Next, select the smallest projection as the starting
vector for the next projection until the number of selected variables reaches the number
of input epochs. Finally, perform multiple linear regression on the extracted wavelength
combinations; the combination of wavelengths with the highest prediction accuracy is
selected as the optimal characteristic wavelength combination based on the local minimum
root mean square error (RMSE).

The CARS is a feature variable selection method that combines Monte Carlo sampling
with PLS model regression coefficients, mimicking the principle of survival of the fittest in
Darwin’s theory [39]. In the CARS algorithm, adaptive reweighted sampling (ARS) retains
the PLS model each time. The wavelengths in the subset with the smallest root mean square
error of cross-validation (RMSECV) of the PLS model are selected as the characteristic
wavelengths after several calculations.

The IRF algorithm is a random-frog-based wavelength interval selection method used
to obtain all possible continuous intervals [40]; the spectrum is first divided into intervals
by moving a window of fixed width across the spectrum. These overlapping intervals are
ranked by applying random frogs and PLS, and the optimal combination of characteristic
wavelengths is selected.

2.4.3. MFN Transform and Extraction of Texture Features

This study used ENVI5.3 remote sensing software for TF extraction. The generation of
a large amount of redundant information in hyperspectral raw images is detrimental to
model accuracy. The MNF separates the noise in the data and reduces the computational
requirements for subsequent processing [41]. The first three MNF images (with a cumulative
signal-to-noise ratio greater than 90%) were used to calculate and extract texture feature
data. Finally, GLCM was used to extract texture features from the ROI of the first three
MFN images.
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2.4.4. Classification Recognition Model Construction

In this experiment, a machine learning BP neural network and deep learning CNN
were chosen to construct a strawberry anthracnose recognition model using different
features, including the SPA, CARS, IRF, TF, and their combinations. The BP neural network
consists of an input layer, an implicit layer, and an output layer. Each layer consists of
several nodes, and the layers are directly connected by weights. The core step is the gradient
descent method, which uses a gradient search technique to minimize the mean squared
error between the actual and desired outputs of the network. After several iterations of
learning and training, the network parameters (weights and queue values) corresponding
to the minimum error are determined and the training is completed [42].

The CNN is a feed-forward neural network with a convolutional structure. The
convolutional structure can reduce the amount of memory occupied by the deep network;
three key features—local perceptual field, weight sharing, and pooling layer—effectively
reduce the number of parameters of the network. The CNN constructed in this paper is a
one-dimensional convolutional neural network (1D-CNN) that uses spectral features and
TFs as input layers to perform the classification [43].

2.4.5. Model Assessment

For model evaluation, classification accuracy, precision, recall, F1 score, and model
building time calculated from the confusion matrix of the test set were used [44]. This is
an example of a dichotomous classification problem. Accuracy represents the ratio of the
number of correct predictions by the model to the number of all predictions. Precision
represents the proportion of all outcomes predicted by the model as I (I = 1, 2, 3) that the
model predicts correctly. Recall represents the proportion of model prediction pairs among
all outcomes with the true value I (I = 1, 2, 3). The F1 score is the ratio of the product of the
two-fold accuracy rate and the recall rate to the sum of the accuracy rate and the recall rate:

Accuracy =
TP + TN

TP + FP + FN + TN
(2)

Precision =
TP

TP + FP
(3)

Recall =
TP

TP + FN
(4)

F1 =
2 × Accuracy × Recall

Accuracy + Recall
(5)

where TP means that the true value is positive and the predicted value is positive, which
is a true positive example, FP means that the value is negative and the predicted value is
positive, which is a false positive example, FN means that the true value is positive and the
predicted value is negative, which is a false negative example, and TN means that the true
value is negative, and the predicted value is negative, which is a true negative example.

3. Results
3.1. Changes in Reflectance Caused by Anthracnose

Longitudinal macro diagrams of the inoculation of bacteria on the crown and healthy
plants are shown in Figure 5. It can be seen that after the infected crown of strawberry
anthracnose was cut, the crown turned dark brown from outside to inside and the infec-
tion site of anthracnose developed unilaterally or variably from outside to inside, while
longitudinal cuts of healthy plants did not appear to blacken.



Remote Sens. 2023, 15, 4640 8 of 20

Remote Sens. 2023, 15, x FOR PEER REVIEW  8  of  21 
 

 

 Precision ൌ
𝑇𝑃

𝑇𝑃 ൅ 𝐹𝑃
  (3)

Recall ൌ
𝑇𝑃

𝑇𝑃 ൅ 𝐹𝑁
  (4)

F1 ൌ
2 ൈ Accuracy ൈ Recall

Accuracy ൅ Recall
     (5)

where   𝑇𝑃 means that the true value is positive and the predicted value is positive, which 

is a true positive example,  𝐹𝑃 means that the value is negative and the predicted value is 

positive, which is a false positive example,  𝐹𝑁 means that the true value is positive and 

the predicted value is negative, which is a false negative example, and  𝑇𝑁 means that the 

true value is negative, and the predicted value is negative, which is a true negative exam-

ple. 

3. Results 

3.1. Changes in Reflectance Caused by Anthracnose 

Longitudinal macro diagrams of the inoculation of bacteria on the crown and healthy 

plants are shown in Figure 5. It can be seen that after the infected crown of strawberry 

anthracnose was cut, the crown turned dark brown from outside to inside and the infec-

tion site of anthracnose developed unilaterally or variably from outside to inside, while 

longitudinal cuts of healthy plants did not appear to blacken. 

   

(a)  (b) 

Figure 5. Longitudinal  comparison between  inoculated and healthy  strawberries.  (a)  Inoculated 

plants, (b) healthy plants. 

On  the average spectral curve of all healthy, asymptomatic  infected, and sympto-

matic infected samples obtained (Figure 6), the green line represents healthy samples, the 

blue line represents asymptomatic infected samples, and the red line represents sympto-

matic infected samples. It can be seen that the curve trend of healthy samples is signifi-

cantly different from that of the infected samples. 

Figure 5. Longitudinal comparison between inoculated and healthy strawberries. (a) Inoculated
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On the average spectral curve of all healthy, asymptomatic infected, and symptomatic
infected samples obtained (Figure 6), the green line represents healthy samples, the blue
line represents asymptomatic infected samples, and the red line represents symptomatic
infected samples. It can be seen that the curve trend of healthy samples is significantly
different from that of the infected samples.
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Figure 6. Average spectral curves for different samples compared using sectional microscopy.
Note: Microscope observation magnification is 25×.

The curve trend of healthy samples is 530–550 nm. There are obvious wave peaks
between 580–620 nm and 656–700 nm, but no obvious wave peaks can be seen in the in-
fected bacteria samples. Although the curves of asymptomatic infection and symptomatic
infection samples have similar trends, it can be observed that as the disease deepens, an-
thracnose infection changes from asymptomatic infection to symptomatic infection, and
the spectral reflectance also gradually declines. Looking at the sections of the three types of
samples, it can be seen that the microscopic section of the symptomatic infected sample
has a large number of spores, the microscopic section of the asymptomatic infected sample
has a small number of spores, and the microscopic section of the healthy sample has no
spores. Anthracnose infection has a certain latency: the initial infection state of strawberry
anthracnose is black and brown, which then spreads from the infection point to the outside.
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After infection, the plant phenotype does not immediately show the corresponding symp-
toms, but the spectral reflectance can show this slight difference. The spectral changes in
the disease development process are based on changes in plant pigment [45], water [46],
and nutrient content [47], resulting in the above infection symptoms. These differences
form the basis for the diagnosis of strawberry anthracnose.

3.2. Characteristic Wavelength Extraction Results and Analysis

The SPA, CARS, and IRF algorithms were used in the experiments to reduce the
dimensionality of the dataset, while the SPA extracted characteristic wavelengths from
full-spectrum data. The maximum selected wavelength parameter is set to 10, and the
screening process for the SPA is shown in Figures A1 and A2, including the trend of the
root mean square error and the distribution of the characteristic wavelengths. As can
be seen from Figure A1, the RMSE index is 0.425 when the combination of characteristic
wavelengths is 5, and the corresponding wavelength is the characteristic wavelength. The
distribution of the characteristic wavelengths is shown in Figure A2, in which the red
circled parts are the filtered characteristic wavelengths.

The process of extracting characteristic wavelengths using the CARS algorithm is
shown in Figure A3. The number of Monte Carlo samples was set to 100. The horizontal
coordinate is the number of Monte Carlo sampling epochs, and the vertical coordinate
includes the number of sampled variables (NSVs), the root mean square error of cross-
validation (RMSECV), and the regression coefficients (RCs) with the number of Monte
Carlo sampling epochs. The position of the red vertical line in Figure A3c shows that
the RMSECV value is smallest when the number of samples is 40, which indicates that
irrelevant information for anthracnose detection has been removed, and the RMSECV
gradually increases after 40 samples. Therefore, the variables obtained from the 40th
sampling were selected as 36 characteristic wavelengths.

The randomness of CARS sampling can lead to unstable modeling results. Three
experiments on the extraction of characteristic wavelengths using CARS were carried out,
and the parameters were set uniformly. The three extracted characteristic wavelengths
were compared, and if three of them were extracted to the same band at the same time, they
were retained as the final selection of the characteristic wavelength combination. The final
14 wavelengths (561, 564, 566, 583, 585, 591, 600, 602, 628, 647, 719, 749, 751, and 857 nm)
were obtained according to this method.

The final characteristic wavelengths are shown in Figure 7d. Conducting multiple
rounds of sampling to take repeated wavelengths reduces the randomness of sampling to
meet the requirement of stability.

The characteristic wavelength was extracted by IRF algorithm. IRF selects the char-
acteristic wavelength according to the selection likelihood of different wavelengths, and
sets the random frog loop epoch parameter to 200. We set the selected probability to 100%.
The extraction results are shown in Figure 8. Most of the sensitive wavelengths in Figure 8
are concentrated around 600–650 nm, 750–800 nm, and 900–920 nm. Finally, 566, 602, 604,
630, 767, 769, 804, 806, 905, 923 and 927 nm were selected. The locations circled in red in
Figure 8 show these 11 characteristic wavelengths.

In summary, this experiment used SPA, CARS, and IRF to extract characteristic wave-
lengths. The characteristic wavelengths extracted by the three algorithms are shown in
Table 1. Compared with the full band, the number of wavelengths is greatly reduced, and
these will be used as the spectral feature in input datasets for modeling and analysis in
the future.
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Table 1. Characteristic wavelengths selected by SPA, CARS, and IRF.

Algorithm Number of Characteristic
Wavelengths Characteristic Wavelengths (nm)

SPA 5 945, 901, 927, 591, 833
CARS 14 561, 564, 566, 583, 585, 591, 600, 602, 628, 647, 719, 749, 751, 857

IRF 11 566, 602, 604, 630, 767, 769, 804, 806, 905, 923, 927
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3.3. Texture Feature Extraction Results and Analysis

The TFs of strawberry images are of great importance in the diagnosis of anthracnose
infection. Therefore, GLCM extracted four TFs (mean, homogeneity, entropy, correlation)
from the previous three MNF images to generate a 12-dimension TF variable dataset.
Figure 9 shows a boxplot of four features after normalization of the data. In the boxplot
(with red circles indicating the mean and black lines indicating the median), the mean
of the healthy sample is the smallest, and as the infection deepens, the mean gradually
increases, with an increasing trend in the median. In terms of homogeneity means, the
homogeneity mean of the healthy sample is the largest, and as the infection deepens,
homogeneity gradually decreases, with a decreasing trend in the median. In terms of
average information entropy, the average information entropy of health samples is the
smallest. As the infection worsens, the mean information entropy increases progressively,
and the median also shows an increasing trend. In terms of average correlation, the average
correlation of healthy samples is the smallest. As infection deepens, the average correlation
gradually increases, and the median also shows an increasing trend. The four texture
elements vary sufficiently to show changes in different infection scenarios, but their range
of variation is minimal, and their modeling effect could be modified in the future. Using
the extracted characteristic wavelengths and TFs as input variables, the training and testing
sets were divided into 3:1 samples, with 1800 training sets and 600 testing sets.
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Figure 9. Healthy, asymptomatic, and symptomatic infection box diagram. (a) Mean, (b) homogeneity,
(c) entropy, (d) correlation. Note: The red dots in the block diagram represent the mean of the data.

3.4. Recognition Results and Evaluation Based on Different Modeling Methods

The parameters of this BP model were set at the maximum number of 500 epochs,
with a learning rate of 0.01, target training error of 1 × 10−6, and network structure of
X-6-3 (X nodes in the input layer, 6 nodes in the hidden layer, and 3 nodes in the output
layer). The identification results for each model are shown in Table 2. Using the modeling
of spectral features achieved over 90% accuracy for both the training and test sets, while the
modeling of TFs only achieved 75% accuracy for both the training and test sets, making the
spectral features more accurate in predicting disease from a feature perspective. Comparing
the results of the fused data with those of the single-feature data, the fused-data modeling
results were more accurate, and the accuracy was higher than that of the single spectral
feature or texture feature modeling, in which the IRF + TF data fusion modeling effect
was the most significant; the accuracy of the training set was 96.17% and that of the
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test set was 95.83%. To evaluate the model more effectively, the concepts of confusion
matrix classification secondary metric precision (P), recall (R), and tertiary metric F1 score
(F1 represents a range of combined accuracy and recall values between 0 and 1, the closer
to 1 the better) were introduced. Figure 10a–g represents the confusion matrices of different
model test sets. In the separate subgraph, the green areas represent consistency between
the actual sample label and the predicted sample label, indicating that the classification
result is correct. The red areas represent the difference between the actual sample labels
and the predicted sample labels when the classification result is incorrect. The bottom row
at the bottom of the graph is the recall rate, the last column is the precision rate, and the
bottom right cell is the overall precision.

Table 2. BP neural network classification results.

Feature Number of Feature Selection
Accuracy Rate (%) Time (s)

Train Set Test Set

SPA 5 92.83 92.50 5.4
CARS 14 93.22 93.17 8.1

IRF 11 94.83 94.67 7.0
TF 12 75.33 75.50 7.2

SPA + TF 17 96.56 93.67 10.1
CARS + TF 26 95.17 93.50 11.4

IRF + TF 23 96.17 95.83 10.9

Based on the above findings, we can conclude that the modeling scheme with com-
bined features is superior to that with a single feature. As can be seen from the results
of the combined feature test sets in Figure 10 and Table 2, The results of IRF+TF+BP test
set were 95.83%, SPA+TF+BP test set was 93.67%, and CARS+TF+BP test set was 93.50%.
The modeling scheme combining IRF and TF had the highest diagnostic efficiency for
anthracnose disease.

The parameters of this CNN model were set using the Adam gradient descending
algorithm. After the maximum of 500 training repetitions, the initial learning rate was 0.001;
after 450 training repetitions, a learning rate of 0.001 × 0.5 after each training repetition
was found to disrupt the data set. The recognition results for each CNN model are shown
in Table 3. The test set results for SPA + CNN, CARS + CNN, and IRF + CNN based on
spectral characteristics were 94.5%, 93.83%, and 94.5%, respectively. The result for the
TFs-based test set TF + CNN was 79.5%. In Table 2, the results for SPA + BP, CARS + BP,
and IRF + BP test sets are shown, which were 92.5%, 93.17%, and 94.67%, respectively. The
TF + BP of the test set based on TFs was 75.5%. Compared with the above two modeling
results, except for the IRF + CNN and IRF + BP test sets, the results of the other CNN test
sets were significantly better than the BP test sets, which proves that CNN is superior to BP
from the perspective of accuracy.

Table 3. CNN (convolutional neural network) classification results.

Feature Number of Feature Selection
Accuracy Rate (%) Time (s)

Train Set Test Set

SPA 5 94.78 94.50 95
CARS 14 95.61 93.83 101

IRF 11 95.61 94.50 97
TF 12 90 79.50 99

SPA + TF 17 100 95.33 110
CARS + TF 26 100 95.83 118

IRF + TF 23 100 95.50 114
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Figure 10. Confusion matrices of BP neural network test set. (a) SPA + BP test set confusion matrix,
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The most important goal was to explore the recognition of asymptomatic infection
of strawberry anthracnose via data fusion and deep learning. Table 4 and Figure 11 show
the identification of asymptomatic strawberry anthracnose; the F1 scores of SPA + TF + BP,
CARS + TF + BP, and IRF + TF + BP for the recognition of asymptomatic strawberry
anthracnose were 0.9095, 0.911, and 0.9375, respectively, while for SPA + TF + CNN,
CARS + TF + CNN, and IRF + TF + CNN, the F1 scores corresponded to 0.9319, 0.938, and
0.9372. Compared with the F1 score, the combined features and CNN were more accurate
in diagnosing asymptomatic infection samples. The experimental results demonstrate
that data fusion combined with deep learning is feasible and effective for identifying
asymptomatic strawberry anthracnose infection.
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Table 4. Classification effect of BP neural network and CNN model test set.

Model Time/s
P/% R/% F1

H AI SI H AI SI H AI SI

SPA + BP 5.4 99.00 90.50 88.50 99.50 87.40 91.10 0.9925 0.8892 0.8978
CARS + BP 8.1 100.00 86.60 93.50 100.00 93.30 86.90 1.0000 0.8983 0.9008

IRF + BP 7 100.00 90.00 93.40 100.00 93.80 89.50 1.0000 0.9186 0.9141
TF + BP 7.2 72.30 75.00 80.10 84.80 67.50 74.70 0.7805 0.7105 0.7731

SPA + TF + BP 10.1 100.00 90.50 90.30 99.50 91.40 89.80 0.9975 0.9095 0.9005
CARS + TF + BP 11.4 99.50 90.90 90.70 99.50 91.30 90.20 0.9950 0.9110 0.9045

IRF + TF + BP 10.9 99.10 93.50 94.50 100.00 94.00 93.00 0.9955 0.9375 0.9374
SPA + CNN 95 99.00 89.80 94.80 100.00 93.20 90.90 0.9950 0.9147 0.9281

CARS + CNN 101 100.00 90.70 91.00 100.00 91.10 90.50 1.0000 0.9090 0.9075
IRF + CNN 97 100.00 89.60 93.80 100.00 94.50 88.40 1.0000 0.9198 0.9102
TF + CNN 99 78.90 76.80 82.40 80.50 69.80 88.30 0.7969 0.7313 0.8525

SPA + TF + CNN 110 96.50 93.90 95.60 99.00 92.50 94.60 0.9773 0.9319 0.9510
CARS + TF + CNN 118 98.50 93.10 95.90 99.50 94.50 93.50 0.9900 0.9380 0.9468

IRF + TF + CNN 114 98.00 96.50 92.10 99.00 91.10 96.90 0.9850 0.9372 0.9444
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Figure 11. CNN test set confusion matrices: (a) SPA + CNN test set confusion matrix, (b) CARS
+ CNN test set confusion matrix, (c) IRF + CNN test set confusion matrix, (d) TF + CNN test set
confusion matrix, (e) SPA + TF + CNN test set confusion matrix, (f) CARS + TF + CNN test set
confusion matrix, (g) IRF + TF + CNN test set confusion matrix.
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4. Discussion

Previous studies only identified isolated strawberry leaf anthracnose or gray mold
infection [29,48], and did not carry out in-depth studies on the asymptomatic infection
stage of live plants. Anthracnose infection of strawberry leaves does not cause the death of
the whole plant, while anthracnose infection of the crown results in a high probability of
strawberry plant death. In this study, we demonstrated the feasibility of using spectral fea-
tures and TFs and combinations thereof to diagnose asymptomatic infections of strawberry
anthracnose. In this experiment, the characteristic wavelength extraction algorithms SPA,
CARS, and IRF were used to extract 5, 14, and 11 characteristic wavelengths, respectively,
from the original 241-wavelength dataset. The classification and distinguishing model
of strawberry anthracnose was established according to the combination of characteristic
wavelengths. Previous studies have achieved good results in using extracted characteristic
wavelength algorithms to detect plant physiological indicators and diseases [49–51]. After
obtaining raw hyperspectral data, feature extraction is crucial. The raw data volume of the
captured hyperspectral images is large (up to 2–3 G per image), and has the typical char-
acteristics of high data volume. Furthermore, hyperspectral images have a high spectral
resolution and contain a large number of wavelengths, resulting in high feature dimen-
sionality. In addition, hyperspectral images have a strong correlation between various
wavelengths, and the interspectral correlation coefficients of the images are large, which
can easily cause redundant hyperspectral information stacking. It is necessary to solve the
problems of data correlation, redundancy, and covariance brought about by large numbers
of hyperspectral data and large data volume to reduce the complexity of the model and
improve the modeling accuracy and operation speed. Using the characteristic wavelength
extraction algorithm can significantly improve the accuracy and speed of the model. As
shown in Tables 2 and 3, the accuracy rates of SPA + BP and SPA + CNN test sets were
observed to be 92.5% and 94.5%, respectively; the accuracy rates of CARS + BP and CARS +
CNN test sets were 93.17% and 93.83%, respectively; and the accuracy rates of IRF + BP and
IRF + CNN test sets were 94.67% and 94.5%, respectively. In terms of data compression,
compared to IRF and CARS, the SPA extracted the least feature wavelengths. In terms of
modeling effectiveness, IRF extracted more effective characteristic wavelengths and had
the highest modeling accuracy.

Infection of the strawberry crown by C. gloeosporioides will not only cause a change in
spectral reflectance but also will cause a structural change in the crown surface. In the area
of hyperspectral images for distinguishing model plant disease, there is less research on
disease recognition using image features, and results have not been meaningful [52]. In
addition, for most of the hyperspectral images, principal component analysis (PCA) is used
to reduce the dimensions, and the later modeling effect is poor [13]. MNF is essentially a
two-layered principal component transformation, and MNF transformation is similar to
PCA transformation in that it is an orthogonal transformation in which the elements in the
transformed vector are uncorrelated with each other. The first component gathers a large
amount of information, and as the dimension increases, the image quality decreases. Data
are arranged in descending order of signal-to-noise ratio, unlike PCA changes in descending
order of variance, thus overcoming the impact of noise on image quality. Because the noise
in the transformation process has unit variance and is not correlated between bands, it is
superior to PCA transformation. This experiment used MNF dimensionality reduction to
extract 12 dimensional image texture features from hyperspectral images and construct a
recognition model for strawberry anthracnose. The accuracy of the TF + BP test set was
75.5%, and the accuracy of the TF + CNN test set was 79.5%, so the model was constructed
using the CNN. The BP neural network and TF showed good performance, which proved
the feasibility of diagnosing strawberry anthracnose by the TF of hyperspectral images.
In addition to the mean, homogeneity, entropy, and correlation used in this experiment,
the image TFs also have variance, contrast, difference, and angular second moment. These
other texture features can be used for modeling and analysis in future research experiments.
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We used spectral and texture features combined with different modeling methods to
identify infected strawberry anthracnose and explore the improvement in data fusion on
model accuracy. This study separately observed the comparison of the accuracy of spectral
and TF modeling in Tables 2 and 3. It can be seen that the accuracy of the spectral feature
modeling test set has reached over 90%, while the accuracy of the TF modeling test set
has not exceeded 80%. Spectral features are more sensitive than TFs, and the modeling
effect is more significant. Due to the small differences between asymptomatic infections
and health data images, the TFs cause the model to be unstable and recognition accuracy is
poor, but they can be used as fusion features to improve the accuracy of the model in the
future. Tables 2 and 3 show the results of two-feature fusion data and single-feature data
modeling. The accuracy of the spectral feature modeling test set was about 92–93% and the
accuracy of the TF test set was 75–79.5%, while the accuracy of fusion data test set steadily
improved to 93–95%, proving that fusion data modeling is more accurate in distinguishing
and modeling than using spectral features or TFs alone.

Different modeling methods were used to distinguish the asymptomatic infection
state of strawberry anthracnose and to explore the improvement in the accuracy of deep
learning CNN. Previous studies mostly used a single machine learning method with a
small sample size for modeling and analysis [22–27]. Khairunniza-Beio et al. only used
SVM for modeling without considering deep learning modeling [49], while the present
experiment used thousands of sample sizes for the training of a deep learning model.
Tables 2 and 3 show that the recognition rate of combined features and BP modeling was
93–95%, and the recognition rate of combined features and the CNN modeling test set is
stable at about 95%. Table 4 shows that the F1 score distinctions between combined features
and BP modeling for asymptomatic infection were 0.9095, 0.911, and 0.9375, respectively.
For asymptomatic infection, the differences in F1 scores between combined features and
CNN modeling was 0.9319, 0.938, and 0.9372, respectively, and F1 was stable at 0.93.
The CNN is more stable than the traditional machine learning BP neural network when
considering only the robustness of model recognition and the accuracy of asymptomatic
infection recognition, without considering other modeling factors.

This experiment considered the development and application of the sensor in the later
stage. The time and recognition accuracy required for BP neural network modeling and
CNN modeling were compared. It can be observed from Table 4 that the modeling time of
BP neural networks was between 5.4 and −11.4 s, while that of CNN was between 95 and
−118 s. The modeling time is affected by the volume of input data and the number of layers
of the model; the CNN modeling process is relatively complex due to the multiple layers
and large amount of computational data. By comprehensively comparing the accuracy and
time of the 14 models, the IRF + TF + BP model test set had accuracies of 99.1%, 93.5%, and
94.5%, respectively, for healthy, asymptomatic, and symptomatic samples at all levels, with
recall rates of 100%, 94%, 93% and F1 scores of 0.9955, 0.9375, and 0.9374, respectively. A
modeling time of 10.9 s was the best comprehensive performance demonstrated by any
model. The above results provide technical support for the detection of the asymptomatic
infection of strawberry anthracnose and provide a reference for the development of ultra-
low-altitude remote sensing disease monitoring using plant protection drones and handheld
equipment for strawberry anthracnose.

5. Conclusions

This study explored the possibility of combining hyperspectral technology with ma-
chine learning and deep learning in the identification of asymptomatic infection of straw-
berry anthracnose. The crown region of strawberry plants was used as the research object,
and a hyperspectral dataset of 447–965 nm was collected. Five characteristic wavelengths
were extracted using the SPA: 945, 901, 927, 591, and 833 nm. CARS was used to extract
14 characteristic wavelengths: 561, 564, 566, 583, 585, 591, 600, 602, 628, 647, 719, 749, 751,
and 857 nm. IRF was used to extract 11 characteristic wavelengths: 566, 602, 604, 630,
767, 769, 804, 806, 905, 923, and 927 nm. We extracted 12 dimensional TFs from the first
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three MNF images using GLCM, and a BP neural network and CNN were established for
modeling and analysis using spectral features, TFs, and fused data as input variables. The
IRF + TF + BP model test set has accuracy of 99.1%, 93.5%, and 94.5%, respectively, for
healthy, asymptomatic, and symptomatic samples at all levels, with recall rates of 100%,
94%, and 93% and F1 scores of 0.9955, 0.9375, and 0.9374. The modeling time of 10.9 s was
the best comprehensive performance demonstrated by any model.
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