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Abstract: Fusarium wilt of banana is a soil-borne vascular disease caused by Fusarium oxysporum f. sp.
cubense. The rapid and accurate detection of this disease is of great significance to controlling its spread.
The research objective was to explore rapid banana Fusarium wilt latency and onset detection methods
and establish a disease severity grading model. Visible/near-infrared spectroscopy analysis combined
with machine learning methods were used for the rapid in vivo detection of banana Fusarium wilt. A
portable visible/near-infrared spectrum acquisition system was constructed to collect the spectra data
of banana Fusarium wilt leaves representing five different disease grades, totaling 106 leaf samples
which were randomly divided into a training set with 80 samples and a test set with 26 samples.
Different data preprocessing methods were utilized, and Fisher discriminant analysis (FDA), an
extreme learning machine (ELM), and a one-dimensional convolutional neural network (1D-CNN)
were used to establish the classification models of the disease grades. The classification accuracies of
the FDA, ELM, and 1D-CNN models reached 0.891, 0.989, and 0.904, respectively. The results showed
that the proposed visible/near infrared spectroscopy detection method could realize the detection
of the incubation period of banana Fusarium wilt and the classification of the disease severity and
could be a favorable tool for the field diagnosis of banana Fusarium wilt.

Keywords: banana Fusarium wilt; visible/near-infrared spectroscopy; disease grading; 1D-CNN

1. Introduction

As an important global food crop and trade agricultural product, banana (Musa
nana Lour.) plays an important role in social and economic development [1–3]. Banana
diseases and pests are the main constraints on banana production, causing banana yield
and quality losses and even regional and global fluctuations in the banana industry [4,5]. In
recent years, owing to the global COVID-19 pandemic, the costs of land, labor, equipment
investment, and agricultural materials for banana planting have risen, and uncertainties
such as catastrophic weather have increased. Therefore, the risk of banana planting is
high. A lack of banana plantation disease prevention and control measures may lead to the
premature onset and aggravation of banana disease, resulting in greater losses.

At present, the world banana industry is facing a serious threat posed by the soilborne
vascular fungal disease Fusarium oxysporum f. sp. cubense (Foc) [6], which is also known
as yellow leaf disease or Panama disease [7,8]. The tropical race 4 strain infects almost
all banana varieties. When banana plants are infected with Fusarium wilt, the pathogen
releases hormones, enzymes, toxins, and other substances within the plant body, leading to
certain damage to the plant and disrupting its physiological and biochemical processes; in
particular, the absorption, assimilation, and transport of nutrients from the underground
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to aboveground parts are seriously affected [9]. The nutrient contents of nitrogen (N),
available phosphorus (P), and available potassium (K), which are essential for plant growth,
are notably reduced. The reduction in nutrient elements, especially nitrogen, leads to the
reduction in chlorophyll cell formation, chlorophyll content, and green leaf area index,
and the photosynthetic ability of banana leaves is weakened. Banana leaves gradually
turn yellow from bottom to top until they wilt, and the vascular bundles of the root will
gradually turn red-brown and eventually turn dark black.

Banana Fusarium wilt is a devastating disease faced by the banana industry world-
wide; generally, the yield is reduced by more than 20%, and in severe cases, banana
plantations may even have no harvest. Due to its long incubation period and high infectiv-
ity, banana Fusarium wilt has a large impact range and is difficult to detect in advance [10].
Once a diseased plant is identified, the diseased plant should be uprooted quickly, lime
should be applied to the affected area, and the diseased plant should be removed from the
banana plantation and treated with lime for deep burial or for drying and then burning. At
present, there is still a lack of suitable disease-resistant banana varieties in production, and
there is no method that can completely cure banana Fusarium wilt [11]. Banana plantations
infected with Fusarium wilt need to be evaluated for their infection degree so that fruit
farmers can make the best decision on when to stop planting in this area. Therefore, it is
particularly important to use rapid and accurate banana Fusarium wilt detection technology
for quickly identifying the latent disease and determining the disease severity during the
onset period, allowing for timely destruction and isolation measures to control the spread
of the disease [12,13].

Conventional methods for banana Fusarium wilt detection mainly include artificial
morphological identification, physiological and biochemical identification, and molec-
ular biological identification. Molecular biological identification includes (polymerase
chain reaction) PCR [14,15], real-time fluorescence PCR [16], and loop-mediated isothermal
amplification approaches [17–19]. Artificial morphological identification cannot identify
asymptomatic latent diseases, is easily confused with other diseases, and has subjective
dependence and low efficiency. Physiological and biochemical identification and molecular
biological identification usually have high detection accuracy, but the detection process is
complex, laborious, time-consuming, inefficient, and destructive to the sample [20] and thus
cannot meet the needs of rapid modern agriculture development. Visible/near-infrared
spectroscopy has the characteristics of reflecting the internal structure and component
information of objects. When plants are infected, the water content, pigment content, and
internal structure of the leaves change, and these changes are reflected in the spectral
characteristics [21]. The application of visible/near-infrared spectroscopy technology in
the detection of banana Fusarium wilt has the advantages of fast detection speed, high
analysis efficiency, and nondestructive sampling. At present, the research on the rapid and
nondestructive detection of banana Fusarium wilt by domestic and foreign scholars is still
relatively limited, and there is no research on the rapid nondestructive detection of the
banana Fusarium wilt incubation period using visible/near-infrared spectroscopy. Shimin
Zhang et al. [12]. established an optimal canopy classification model of different infection
stages according to the canopy spectral characteristics of banana plants infected with Fusar-
ium wilt. Through a comprehensive evaluation of the classification results of different
supervised and unsupervised modelling methods, the authors suggested using the unsuper-
vised hotspot analysis (HA) method for banana Fusarium wilt identification, especially in
the late infection stage, and the random forest (RF) monitoring method was recommended
for early infection to achieve slightly higher accuracy. Gloria Valentine Nakato et al. [22]
established an agricultural network between fruit farmers and scientists through mobile
phones for monitoring banana diseases in Uganda and monitored three banana diseases in
Uganda based on plant photos, as follows: banana Xanthomonas wilt (BXW), Fusarium
wilt (FW), and banana bundt top disease (BBTD). Yi-Jia Lin et al. [13]. constructed the
Raman spectral fingerprint of banana pseudostem samples with different degrees of disease
in Taiwan, and the Fusarium wilt of banana (FWB) detection rate in asymptomatic banana
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samples was 76.2% using the Raman spectral method. Huichun Ye et al. [23]. evaluated the
performance of supervised classification algorithms, i.e., support vector machine (SVM),
random forest (RF), and artificial neural network (ANN), in identifying and positioning the
occurrence and nonoccurrence of banana Fusarium wilt based on unmanned aerial vehicle
(UAV) multispectral images. The results showed that the SVM, RF, and ANN algorithms
achieved good performance in recognizing and mapping banana Fusarium wilt based
on UAV multispectral images. The above research studies used UAV-based multispectral
imagery, Raman spectroscopic fingerprints, and plant imaging methods to detect banana
Fusarium wilt, but these methods either had low accuracy in detecting the latent period
of banana Fusarium wilt, or cannot detect the latent period of banana Fusarium wilt. The
visible/near-infrared spectroscopy detection technology used in this study had advantages
in detecting the latent period of banana Fusarium wilt and had a high detection accuracy.

The spectral data collected by a visible/near-infrared spectrometer contain not only
the self-information of the sample but also other irrelevant information and noise, such
as electrical noise, sample background and stray light [24,25]. Therefore, when building
models with machine learning methods, preprocessing methods aimed at eliminating irrel-
evant information and spectral noise become critical and necessary. Different preprocessing
methods have different effects on the built model [26]. Since a single preprocessing method
can only suppress a certain type of interference, a combination of different preprocessing
methods is usually used to remove various types of spectral interference [27,28]. Supervised
learning method is a type of machine learning method that is currently widely studied.
For example, K-nearest neighbors [29], decision trees [30], backpropagation (BP) neural
networks [31], and extreme learning machines [32] have been successfully applied in plant
disease and pest detection. These classifiers can learn the features of the target class from
the training samples and apply this information to the unclassified data.

The research objective was to develop a rapid method to grade and detect banana
Fusarium wilt latency and the onset period based on visible/near-infrared spectroscopy
technology, establish a disease severity classification model using supervised learning
algorithms, and determine the optimal disease grade classification method, providing
technical and methodological support for the early control of banana Fusarium wilt.

2. Materials and Methods
2.1. Visible/Near-Infrared Spectrum Acquisition System

The visible/near-infrared spectrum acquisition system used in this study consisted
of a portable detection mainframe (HL 10000-Mini, Shanghai Ruihai Optoelectronic Tech-
nology Co., Ltd., Shanghai, China), a handheld probe (QP600-1-VIS-NIR, Shanghai Ruihai
Optoelectronic Technology Co., Ltd., Shanghai, China), and a data processor (ThinkPad
X260, Lenovo Group Co., Ltd., Beijing, China), and its schematic diagram is shown in
Figure 1. The internal structure of the portable detection mainframe, as shown in Figure 2,
mainly consisted of a visible/near-infrared spectrometer, a halogen light source, a refer-
ence whiteboard, an optical fiber, and a computer to realize the spectral data acquisition
of banana leaves. The visible/near-infrared spectrometer was a miniature spectrometer
(Uspectral-RIT-2.7.0, Shanghai Fuxiang Optics, Shanghai, China) with a spectral range
of 336~1078 nm and a spectral resolution of 0.36 nm. The spectral data of banana leaves
were collected using the external trigger mode. The halogen light source (HL-10,000 min)
provided stable illumination for the portable detection mainframe. The working voltage
of the portable detection mainframe was DC (12 V). The reference whiteboard was used
to calibrate the spectral data, the data interface was connected to the portable detection
mainframe and the data processor, the trigger interface was connected to the portable detec-
tion mainframe and the handheld probe, the probe interface was connected to the portable
detection mainframe and the handheld probe, and a strap was used for the user to carry
the portable detection mainframe. The handheld probe contained an optical fiber, a handle,
a trigger button, and a trigger line. The user brought the handheld probe into contact with
the target position on the banana leaf, forming a sealed chamber, and pressed the trigger
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button to initiate the portable detection mainframe, allowing the collection of spectral data.
The fiber was a Y-type fiber, the fiber probe end and the handle were connected to form a
single unit, the light inlet port end was connected to the light source, and the light outlet
end was connected to the spectrometer. The trigger button was connected to the trigger
line, and the user operated the trigger button to send a signal to the portable detection
mainframe. The data processor was mainly a computer or an embedded device that was
used to read, process, and save spectral data, establish mathematical models, and obtain
the banana Fusarium wilt detection results.
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2.2. Sample Preparation

Banana leaf samples were selected in September 2020, from the banana planting
demonstration base of the Fruit Tree Research Institute of the Guangdong Academy of
Agricultural Sciences in China by specialized technicians with rich experience in banana
plantation management and disease identification during the high incidence period of
the disease. The banana variety was Musa brasiliensis. In this study, according to the
classification standard of banana Fusarium wilt [33], the banana leaves were divided into
the following grades: “Grade 0” for healthy leaves; “Grade 1” for asymptomatic, disease
latent leaves; “Grade 2” for leaves with small yellow patches covering less than 25% of
the total leaf area; “Grade 3” for leaves with large yellow patches covering 26–50% of
the leaf area; and “Grade 4” for leaves with large yellow patches covering 51% to 75%
of the total leaf area. In this study, there were 24 “Grade 0” leaf samples, 21 “Grade 1”
leaf samples, 22 “Grade 2” leaf samples, 22 “Grade 3” leaf samples, and 17 “Grade 4” leaf
samples, totaling 106 leaf samples. Each banana leaf sample from “Grade 0” to “Grade 4”
was numbered in order. Leaf samples of each grade were randomly selected during
numbering. Samples numbered as 4 or multiples of 4 were selected as test set samples,
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totaling 26 samples, and the remaining 80 samples were used as training set samples.
Table 1 shows the sample numbers of the training set and the test set for each disease grade.

Table 1. Numbers of the training set and the test set of samples for each disease grade.

“Grade 0” “Grade 1” “Grade 2” “Grade 3” “Grade 4”

Training set 18 16 17 16 13
Test set 6 5 5 6 4

Total number 24 21 22 22 17

2.3. Spectral Data Acquisition and Preprocessing
2.3.1. Spectral Data Acquisition

To acquire spectral data, the portable detection mainframe was connected, the hand-
held probe and the data processor were turned on correctly, the power and light source
were turned on, and the detection mainframe was preheated for 15 min to ensure that the
light source and spectrometer were in a stable working state. Next, the spectral informa-
tion of the standard reference whiteboard was collected. Then, the light path was cut off,
and the spectral information of the dark environment was collected. The spectrometer
automatically performed white reference calibration and black reference calibration on the
subsequently collected reflectance spectral data of banana leaf samples, and the reflectance
spectral data were saved automatically. There were 106 sets of original reflectance spectral
data of leaf samples collected on the spectral data acquisition site as shown in Figure 3, and
the original reflectance spectral data of 106 banana leaves are shown in Figure 4. The bands
with large noise signals at both ends were removed. The effective wavelength range was
450–900 nm. The average reflectance spectra of banana leaves in the same disease grade
were calculated, and the curves of the average reflectance spectra of banana leaves for the
five disease grades are shown in Figure 5. In this figure, as the disease grade increased, the
spectral reflectance also increased in the wavelength range of 500~700 nm.
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2.3.2. Data Augmentation

Due to the large number of parameters in a convolutional neural network model, a
large amount of labeled sample data is required to train the model. Therefore, in this study,
the method of patent [34] was followed to perform augmentation on the 106 sets of raw
reflectance spectra data. The method of light simulation was used to simulate the original
spectral data, and expanded the spectral data by adding a series of light disturbances within
a certain range, effectively increasing the number of spectral data. After data augmentation,
a total of 1060 sets of spectral data containing disease information of samples with different
disease grades were obtained.
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2.3.3. Preprocessing of Spectral Data

In the process of visible/near-infrared spectroscopy data acquisition, due to the influ-
ence of the sample background, morphological differences, and measurement conditions,
spectral data are prone to containing random noise. Therefore, spectral data preprocessing
is of great significance. Effective preprocessing methods can reduce or even eliminate
spectral noise, improve the spectral signal-to-noise ratio, improve the modelling efficiency
and the model prediction accuracy, and enhance the model generalization and stability.
Spectral data preprocessing methods are mainly divided into baseline correction, scatter
correction, smoothing, signal enhancement, and noise cancellation. The first derivative (FD)
processing of spectral data can effectively eliminate the baseline drift and other background
interference, distinguish overlapping peaks, and improve the resolution and sensitivity.
However, the FD preprocessing method will amplify the noise, so it is necessary to smooth
the original spectral data. The Savitzky-Golay (SG) convolution smoothing method is a
widely used denoising method that can effectively eliminate the fine white noise of spectral
data. Multiplicative scatter correction (MSC) is mainly used to eliminate the influence of
the nonuniform distribution of solid particles and the variation in particle size, surface
scattering, and optical path on diffuse reflectance spectra. In this study, the FD, MSC, and
SG convolutional smoothing methods and various combinations of these methods were
used to preprocess the spectral data.

2.4. Principal Component Analysis of Spectral Data

Although the effects of spectral noise, baseline drift, and stray light were eliminated
after the original spectra of the banana leaves were preprocessed by FD, MSC, and SG
convolution smoothing, there were 1201 variables in the 450–900 nm spectrum range. In
addition, there was still a certain correlation between the variables that increased the
complexity of data analysis to a certain extent and affected the classification effect of the
model. Feature extraction can be used to reduce the dimension of the spectral data, reduce
the redundancy of the data, optimize the effective spectral information, and improve the
classification accuracies of the models. In this study, principal component analysis (PCA)
was used to extract features from the spectral data of the banana leaves to reduce the
redundancy and correlation of the spectral data. The principal components were extracted
by calculating the eigenvalues and eigenvectors of the covariance matrix [35]. Principal
component analysis recombines the original variables with certain correlations into a new
set of independent comprehensive variables to replace the original variables. Under the
premise of losing a minimal amount of information, the multiple variables are transformed
into several comprehensive variables. Each principal component is a linear combination of
the original variables, and each principal component is uncorrelated with other principal
components, leading to the superior performance with the principal components over that
with the original variables [36].

2.5. Modelling Method of Disease Severity Classification
2.5.1. Fisher Discriminant Analysis

Fisher discriminant analysis (FDA) projects high-dimensional pattern samples into
the optimal discriminant vector space to extract classification information and reduce the
dimension of the feature space. After projection, the pattern samples in the new vector
space exhibit the minimum intraclass distances and the maximum interclass distances. In
this study, the FDA function was established according to the principle of the maximum
discrete distance between classes and the minimum discrete distance within classes. Then,
the discrimination analysis of the tested samples was carried out according to the FDA
function. The principal components of a banana leaf sample are PCn =

(
pcn

1 , pcn
2 , . . . , pcn

m
)T

after preprocessing and PCA dimension reduction. The projection formula is as shown
in Equation (1).

f (PCn) =
m

∑
i=1

ci pcn
i + c0 (1)
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where f (PCn) is the projection function; n = 1, 2, 3, . . . , 106, m is the number of principal
components; pcn

i is a one-dimensional variable; ci is the projection coefficient of the variable
pcn

i ; and c0 is a constant term.

2.5.2. Extreme Learning Machine Classification

The ELM is a single hidden layer feedforward neural network learning method pro-
posed by Huang [37], and its structure is similar to that of the BP neural network and
other traditional neural networks. In the ELM learning process, the weights from the input
layer to the hidden layer and the threshold of the hidden layer can be randomly initialized,
and the weights from the hidden layer to the output layer are obtained by solving the
matrix equation. The ELM does not require complex calculations and can quickly complete
network learning [38]. Due to its high learning efficiency, high accuracy, and strong general-
izability, the model is widely used in the field of data classification and pattern recognition.
The ELM consists of an input layer, a hidden layer, and an output layer. The input layer
has n neurons corresponding to n input variables, the hidden layer has l neurons, and the
output layer has m neurons corresponding to m output variables.

Suppose the input matrix of the training set with D samples is X and the output matrix
is Y, the connection weights between the input layer and output layer are ω, the connection
weights between the hidden layer and output layer are β, the threshold of the hidden layer
neurons is b, the activation function of the hidden layer neurons is g(x), and the output
of the neural network is T. The goal of single-hidden layer neural network learning is to
minimize the training error of the output, which can approach an arbitrary ε > 0, as shown
in Equation (2), that is, there exist ω, β, and b:

D

∑
j=1

∥Y − X∥ < γ (2)

In the classification process, once ω and b are randomly determined, the connec-
tion weights β between the hidden layer and the output layer are uniquely determined.
The mathematical model of the extreme learning machine can be obtained as shown
in Equation (3):

elm(X) = ∥T − X∥ (3)

2.5.3. One-Dimensional CNN

CNN is a type of feedforward neural network that includes convolutional computation
and has deep structure, and is one of the representative algorithms of deep learning [39].
One dimensional convolutional neural network (1D-CNN) is a variant of convolutional
neural network used for processing sequential data [40,41]. Compared with traditional
fully connected neural networks, 1D-CNN can effectively utilize local patterns in the data,
resulting in better performance in processing sequential data.

The 1D-CNN consists of an input layer, several convolutional layers, several pooling
layers, several fully connected layers, and an output layer. It typically consists of multiple
alternating convolutional and pooling layers, and finally uses fully connected layers to
map the extracted features to the output. During the training process, 1D-CNN uses a
backpropagation algorithm to update model parameters to minimize the loss value. Among
them, convolutional layers are used to extract local features, pooling layers are used to
reduce the dimensionality of features, and fully connected layers are used for classification
or regression tasks. When using 1D-CNN, we usually need to set some hyperparameters,
such as the size of the convolutional kernel, the number of convolutional layers, and
the pooling operation method. The selection of these hyperparameters will affect the
performance and efficiency of the model.

The network structure of the 1D-CNN constructed in this study is shown in Figure 6,
which consists of one input layer, three convolutional layers, three activation layers, three
pooling layers, one fully connected layer, and one output layer. The cross-entropy loss
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function was used as the index of model updating, and Adam was used as the model
optimizer. After determining the network structure, it was necessary to optimize the hyper-
parameters of the 1D-CNN model, among which the learning rate is the most important
hyperparameter, which can accelerate model convergence and avoid falling into local
optima. Therefore, optimizing the learning rate was chosen in this study. The learning rates
were set to 0.01, 0.005, 0.001, 0.0005, 0.0001, and 0.00005, respectively, and compared the
convergences and accuracies of the models under different learning rates by analyzing the
loss values and accuracies of the training and test sets, and ultimately the optimal learning
rate was selected.
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3. Results and Discussion
3.1. Results
3.1.1. Results of Preprocessing of Spectral Data

In this study, the FD, MSC, and SG preprocessing methods and combinations of more
than two preprocessing methods were used to preprocess the original spectral data. The
derivative order of the SG smoothing method was ‘0’, the polynomial degree was ‘5’, and
the number of smoothing points was ‘25’. The step size of FD was ‘1’. Figure 7 shows
the spectral curves of the reflectance spectral data of the banana leaf samples after SG
smoothing preprocessing. The spectral curves of leaves with disease Grades 0, 1, and 2 are
close, and the spectra of the other grades are quite different.

3.1.2. Results of Principal Component Analysis

In this study, the wavelength range of the effective spectrum was 450–900 nm, which
included 1201 variables. PCA was used to extract the principal components and reduce the
dimension of the spectral data, the contribution rates of the principal components were
sorted from largest to smallest, and the principal components with a cumulative contribu-
tion rate of 85% were selected to determine the number of principal components and their
respective scores. PCA was carried out on the original spectral data, and two principal
components were extracted. The eigenvalue of the first principal component was 739.35,
with a contribution rate of 61.56%, the eigenvalue of the second principal component was
371.97, with a contribution rate of 30.97%, the eigenvalue of the third principal component
was 60.43, with a contribution rate of 5.03%, and the cumulative contribution rate of the
two principal components was 92.53, effectively reflecting the information of the original
spectral data. The score coefficient curve of the first principal component is shown in
Figure 8, and the three-dimensional space was constructed by PC1, PC2, and PC3, the dis-
ease grade distribution of 106 samples in the three-dimensional space is shown in Figure 9.
The score coefficient of this principal component could effectively reflect the contribution
of various original variables to this component. As shown in the figure, the green light
waveband at 525 nm and the red edge waveband at 725 nm, which are closely related to
plant disease and pest information, were important in reflecting the first principal compo-
nent. Therefore, the wavebands at 525 nm and 725 nm are sensitive wavebands for banana
Fusarium wilt. When the spectral data were preprocessed by SG-FD-MSC for principal
component analysis, a total of 29 principal components were extracted.
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3.1.3. Results of Banana Fusarium Wilt Disease Severity Classification

Based on the SG, FD, and MSC preprocessing methods and combinations of more than
two preprocessing methods, the principal components extracted by PCA, FDA, ELM, and
1D-CNN were used to establish banana Fusarium wilt disease severity classification models.

FDA Classification Results of Banana Fusarium Wilt Disease Severity

FDA based on principal components was performed to establish a banana leaf Fusar-
ium wilt disease grade classification, and the classification effects of the model are shown in
Table 2. The FDA classification model based on FD-MSC-SG preprocessing method had the
best modeling effect, and the classification accuracy (ACC) on the test set samples was 0.891,
the precision (PREC) was 0.900, the recall (REC) was 0.891, the F1 score (F1S) was 0.890, and
the classification training error rate (TER) was 0.001. The FDA classification model based
on FD or FD-MSC preprocessing method had a worse modeling effect than the FDA classi-
fication model developed without preprocessing method. The FD preprocessing method
weakened the modeling effect, while SG and MCS improved the modeling effect. The FD
preprocessing method not only eliminated baseline drift and improved the resolution of
overlapping peaks, but also amplified small noise, resulting in poor model performance.
The FD preprocessing method needed to be combined with other preprocessing methods
that can reduce spectral noise to improve model performance, such as the FD-SG-FDA
model. Thus, it can be seen that spectral data preprocessing played an important role in
the FDA model, so choosing the appropriate preprocessing method was essential.

Table 2. Modeling effects of disease grade classification based on FDA.

PREM NPC TER PREC REC F1S ACC

OD 2 0.339 0.657 0.672 0.659 0.664
FD 124 0.021 0.442 0.414 0.424 0.396

MSC 3 0.225 0.768 0.772 0.766 0.762
SG 2 0.130 0.867 0.865 0.865 0.864

FD-SG 29 0.003 0.718 0.719 0.705 0.713
MSC-SG 2 0.155 0.848 0.849 0.849 0.842
FD-MSC 116 0.020 0.287 0.284 0.262 0.294

FD-MSC-SG 29 0.001 0.900 0.891 0.890 0.891
Note: PREM stands for preprocessing method; NPC denotes the number of principal components; OD means the
original data.
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After FD-MSC-SG preprocessing and PCA dimension reduction, 29 principal compo-
nents were extracted from the reflectance spectral data. Based on the principal components,
the FDA model of disease grade classification of banana Fusarium wilt was established.
The classification function of the leaf sample disease grade to be classified as grade i or
grade j is F(i,j) (pc1, pc2, pc3, . . . , pc29), where i ∈ (0, 1, 2, 3, 4), j ̸= i, j ∈ (0, 1, 2, 3, 4). The
condition for sample x to be classified as grade i instead of grade j was that the classifica-
tion function satisfies Equation (4); otherwise, sample x was determined as class j. The
classification results of the SG-FD-MSC-FDA model on the test set samples are shown in
Figure 10. The classification accuracies of banana leaf Fusarium wilt “Grade 0”, “Grade 1”,
“Grade 2”, “Grade 3”, and “Grade 4” were 0.98, 0.62, 0.87, 0.98, and 1, respectively. The
SG-FD-MSC-FDA model could distinguish healthy banana leaves, moderate Fusarium
wild disease leaves, mild Fusarium wild disease leaves, and severe Fusarium wild disease
leaves. However, the accuracy of identifying Fusarium wild incubation period leaves was
low, making it easy to mistake them for healthy banana leaves.

coe × x + con > 0 (4)

where coe is the coefficient and con is the constant of the linear function.
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ELM Classification Results of Banana Fusarium Wilt Disease Severity

Based on the principal components, the ELM method was used to establish the banana
leaf Fusarium wilt disease grade classification model. The classification effect of the model
when the number of neurons in the hidden layer was set to 30 is shown in Table 3. When
modelling was based on the MSC-SG preprocessing method, the ELM classification model
had the best effect, and the classification ACC on the test set samples was 0.99, the PREC
was 0.99, the REC was 0.99, the F1S was 0.99, and the NAE was 4.90. When modelling
without a preprocessing method, the ELM classification model had the classification ACC
on the test set samples of 0.63, the PREC of 0.64, the REC of 0.64, the F1S of 0.60, and the
NAE of 14.00. The FD-ELM, FD-SG-ELM, and FD-MSC-ELM models had a worse effect
than the model developed without preprocessing methods.

The FD preprocessing method weakened the model performance, while the MSC
and SG preprocessing methods improved the model performance. The FD preprocessing
method not only improves the resolution of overlapping peaks, but also amplifies noise
signals. The goal of FDA is to find a linear projection that enables the best class separation
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of the projected data points in the new space, which can reduce the impact of noise on
the model to some extent. ELM does not distinguish between effective signals and noise
signals for classification modeling, so the classification performances of FD-FDA, FD-
SG-FDA, FD-MSC-FDA, and FD-MSC-SG-FDA models are better than those of FD-ELM,
FD-SG-ELM, FD-MSC-ELM, and FD-MSC-SG-ELM models. The FD-SG-ELM model has a
better classification performance, while the FD-MSC-ELM model has a poorer classification
performance because the SG preprocessing method can eliminate the influence of noise.

Table 3. Modeling effects of disease grade classification based on ELM.

PREM NPC NAE PREC REC F1S ACC

OD 2 14.000 0.642 0.641 0.602 0.634
FD 124 21.772 0.365 0.359 0.361 0.355

MSC 3 9.000 0.856 0.856 0.853 0.853
SG 2 11.489 0.823 0.808 0.811 0.804

FD-SG 29 20.445 0.480 0.482 0.477 0.475
MSC-SG 2 4.899 0.989 0.988 0.989 0.989
FD-MSC 116 34.713 0.186 0.187 0.184 0.192

FD-MSC-SG 29 14.799 0.752 0.739 0.737 0.736

After MSC-SG preprocessing and PCA data dimension reduction, a total of two principal
components were eventually extracted. Based on the principal components, ELM classification
models of banana Fusarium wilt disease grade were established. The number of neurons in
the input layer was two, the number of neurons in the output layer was one, the activation
function was the sigmoid function, and the function was continuous and smooth in the
domain of definition and derivable everywhere. Let the number of neurons in the hidden
layer be 5, 10, 15, . . ., 100. Figure 11 shows the influence of the number of neurons in the
hidden layer on the performance of the ELM. As observed in this figure, more neurons in
the range of 0 to 100 in the hidden layer meant that the model effect was better. When the
number of neurons in the hidden layer was less than or equal to 40, the classification ACC
on the training set and the test set showed a fluctuating upward trend. When the number of
neurons in the hidden layer was >40 and ≤100, the classification accuracies on the training set
and test set showed stable trends. When the number of neurons in the hidden layer was 30,
the disease grade classification results of the test set are shown in Figure 12; the classification
ACC of the test set of banana Fusarium wilt latency samples was 1, and the disease grade
classification ACC was 0.99. One set of spectral data of healthy “Grade 0” leaf was misjudged
as mildly affected “Grade 2” dataset, one set of spectral data of moderately affected “Grade 3”
leaf was misclassified as incubation period-affected “Grade 1” dataset, and one set of spectral
data of severely affected “Grade 4” leaf was misclassified as healthy “Grade 0” dataset.
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One-Dimensional CNN Classification Results of Banana Fusarium Wilt Disease Severity

The 1D-CNN model was constructed based on unprocessed spectral data. In the
1D-CNN network structure, the number of filters in the first convolutional layer was 64,
the size of the convolution kernel was 21, and the stride was 1. The number of filters in
the second convolutional layer was 64, the size of the convolution kernel was 19, and the
stride was 1. The number of filters in the third convolutional layer was 64, the size of the
convolution kernel was 17, and the stride was 1. The convolution kernel size of the three
pooling layers was 3, and the stride was 3, using the maximum pooling method. The batch
size for model training was 53, with 50 iterations. The learning rate plays a crucial role
in obtaining the optimal weight values, generally speaking, a low learning rate means
that it takes long time to train the model, while a high learning rate can lead to model
instability. In this study, the learning rates were set to 0.01, 0.005, 0.001, 0.0005, 0.0001,
and 0.00005, respectively, the effects were compared of different learning rates on the loss
values and accuracies of the models, and the optimal learning rate was selected to establish
the classification model of banana Fusarium wilt disease grading detection.

In CNN models, when the learning rate is high, the model cannot be trained, when
the learning rate is moderate, a model with good accuracy can be trained, and when
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the learning rate is low, it takes a long time to reach the same accuracy as a model with
moderate learning rate. From Figures 13 and 14, it can be seen that as the number of
iterations increases, the loss values of the training set and test set continue to decrease,
while the accuracy continues to improve. In this study, when the learning rate values were
moderate, such as 0.0001 and 0.0005, the model’s loss and accuracy could quickly reach
their optimal values; when the learning rate values were low, such as 0.00005, it took a
longer time for the model’s loss value and accuracy to reach the same level as models with
moderate learning rates; as shown in Figure 15, when the learning rate values were high,
such as 0.01, the loss values and accuracies of the models presented significant oscillations
for a long time and gradually approached the optimal values. In this study, when the
learning rate was 0.0005, the changes in the loss values and accuracies of the model’s
training set and test set first stabilized at 13 iterations. The model with the learning rate
value of 0.0005 had the best classification performance, so the learning rate of the 1D-CNN
model in this study was set to 0.0005, and the accuracy of the model test set reached to 0.904.
In summary, the constructed 1D-CNN model could effectively achieve grading detection of
banana Fusarium wilt disease.
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Figure 14. Accuracies of the training set and test set at different learning rates, each color represents a
learning rate.
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3.2. Discussion

(1) In this study, visible/near-infrared light was used to irradiate banana wilt leaves,
due to the damage caused by the pathogen of banana Fusarium wilt disease to the vascular
system of plant, the internal tissue structure and chemical composition of plant leaves
underwent changes, the Fusarium wilt leaves selectively absorbed visible/near-infrared
light of different wavelengths, and the reflected visible/infrared light carried information
about the composition and structure of the wilt leaves, not just nutrient information. In this
study, reflectance spectrum data were obtained through visible/near-infrared spectroscopy
technology, and the spectral information was analyzed relating to the composition and
structure of banana Fusarium wilt leaf using mathematical models, which can achieve the
identification and severity grading of banana leaf Fusarium wilt disease.

(2) For the grading detection of the latent period and onset period of banana Fusar-
ium wilt disease, when establishing a disease severity grading model using conventional
machine learning methods, the grading effect of the model was related to the spectral
data preprocessing method and modeling method. The FD preprocessing method not only
improves the resolution of overlapping peaks, but also amplifies noise signals; therefore,
the FD preprocessing method should be combined with preprocessing methods that can
reduce spectral noise in order to improve the classification performance of the model.
The goal of FDA is to find a linear projection that enables the best class separation of the
projected data points in the new space, which can reduce the impact of noise on the model
to some extent. ELM does not differentiate between effective signals and noise signals for
classification modeling, so the classification performance of OD-FDA, FD-FDA, FD-SG-
FDA, FD-MSC-FDA, and FD-MSC-SG-FDA models were better than those of OD-ELM,
FD-ELM, FD-SG-ELM, FD-MSC-ELM, and FD-MSC-SG-ELM models correspondingly.

(3) When using 1D-CNN to establish the disease severity grading model for detecting
the incubation period and onset period of banana Fusarium wilt disease, the grading effect
of the model was related to the hyperparameters of the 1D-CNN model. In this study,
the focus was on analyzing the impact of the learning rate on model performance. Both
larger and smaller learning rates had a negative impact on the model’s performance, and
it was necessary to select the optimal learning rate. In this study, comparative analysis
was conducted and found that when the learning rate was set to 0.0005, the grading model
had the best classification performance. In the later stage, we would study the influence
of other hyperparameters on the model performance and select the best combination
of hyperparameters.

(4) Using conventional machine learning methods to establish a banana Fusarium wilt
disease severity grading model required the preprocessing of the spectral data; meanwhile,
using 1D-CNN to establish the disease severity grading model did not require the prepro-
cessing of spectral data and could achieve the same model effect as using conventional
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machine learning methods. Conventional machine learning models were suitable for sin-
gle, stable environmental conditions, while 1D-CNN was suitable for more complex and
variable environmental conditions, making the 1D-CNN model more practical. Subsequent
research would establish a 2D-CNN grading model for the severity of banana Fusarium
wilt disease based on visible/near-infrared spectral curve images.

4. Conclusions

In this study, visible/near-infrared spectroscopy was used to explore the feasibility
of disease detection during banana Fusarium wilt latency and onset periods. A portable
visible/near-infrared spectroscopy acquisition system was constructed, and a variety of
disease classification models were established. By analyzing the disease detection re-
sults during banana Fusarium wilt latent and onset periods, the following conclusions
were drawn:

(1) This research method could realize the detection of banana Fusarium wilt in the latent
period and could realize the grading detection of the disease in the onset period.

(2) It was necessary to preprocess the spectral data when using conventional machine
learning methods to establish the classification model for the severity of banana
Fusarium wilt disease. The results showed that the MSC and SG smoothing pre-
processing methods improved the classification effect of the banana Fusarium wilt
disease grade classification model. Using 1D-CNN to establish the disease severity
grading model did not require preprocessing of spectral data, the 1D-CNN modeling
method was suitable for complex and changing environmental conditions and had
stronger practicality than conventional machine learning methods.

(3) In this study, we explored the development of a rapid in vivo detection method for
the disease grade of banana Fusarium wilt in the latent and onset periods, providing
methods and data support for the effective control of banana Fusarium wilt.
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