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Abstract: Late blight caused by Phytophthora infestans is a destructive disease in potato production,
which can lead to crop failure in severe cases. This study combined visible/near-infrared (Vis/NIR)
spectroscopy with machine learning (ML) and chemometric methods for rapid detection of potato late
blight. The determination of disease severity was accomplished by two methods directly or indirectly
based on differences in reflectance. One approach was to utilize ML algorithms to build a model that
directly reflects the relationship between disease level and spectral reflectance. Another method was
to first use partial least squares to construct a predictive model of internal physicochemical values,
such as relative chlorophyll content (SPAD) and peroxidase (POD) activity, and then use an ML model
to classify disease levels based on the predicted values. The classification accuracy based on these
two methods could reach up to 99 and 95%, respectively. The changes in physicochemical values
during the development of disease were further investigated. Regression models for fitting changes
in SPAD value and POD activity were developed based on temperature and incubation time, with
determination coefficients of 0.961 and 0.997, respectively. The prediction of epidemic period was
realized by combining regression and classification models based on physicochemical values with an
accuracy of 88.5%. It is demonstrated that rapid non-destructive determination of physicochemical
values based on Vis/NIR spectroscopy for potato late blight detection is feasible. Furthermore, it is
possible to guide the control of disease throughout the epidemic period.

Keywords: disease classification; machine learning; partial least squares; physicochemical
values; potato

1. Introduction

Potato is a multi-purpose product and the fourth largest food crop in the world after
wheat, rice and maize [1,2]. Potato occupies an essential position in China’s economic
development due to its high yield, adaptability and wide distribution. Yet, potato yields
are severely constrained by pests and diseases. Late blight is a worldwide potato disease
that causes the most severe yield losses [3]. It can affect all parts of the plant, including
leaves, stems and tubers, and is a huge threat to potato production [4]. The prevalence of
late blight is influenced by environmental factors. It can destroy an entire field in a matter
of days with high humidity and certain temperature conditions [5]. Thus, it is important to
achieve early detection of the disease and prediction of the epidemic period for the control
of potato late blight.

The detection of plant diseases has relied on visual observations by agronomists
or laboratory examinations in the past. However, these traditional evaluation meth-
ods are time-consuming and labor-intensive [6]. Recently, spectroscopic methods have
overcome the drawbacks of traditional methods and have been widely used in the field
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for non-destructive detection of crop diseases due to advantages of rapid analysis, non-
destructiveness and high sensitivity [7,8]. In response to disease stress, the internal physio-
logical structure and biochemical properties of plants are altered [9]. A certain extent of
leaf yellowing, wilting and withering will be exhibited in appearance, along with a change
in spectral features [10]. Diseases can be detected at the plant, canopy and larger scale of
crop based on the differences in spectral features [11].

A number of sensitive wavelength bands are more obvious in response to plant
disease infection, and the spectral reflectance of healthy and disease-infested plants differs
significantly at these sensitive regions. Typically, most studies use chemometrics or machine
learning methods to build models of spectral information on the disease level, which define
the severity of disease directly based on changes in spectral reflectance. There are a
number of relevant studies on potato disease detection. Duarte-Carvajalino et al. [12] and
Rodríguez et al. [13] used several machine learning methods to train multi-spectral data of
the canopy to predict the severity of potato late blight. Huang et al. [14] proposed a method
for rapid non-destructive detection of hollow heart of potato based on semi-transmission
hyperspectral imaging. It first identified eight spectral feature variables using a feature
wavelength selection algorithm, and the support vector machine (SVM) model based on
these variables had a recognition rate of 94.6% for potato hollow disease. After that, the
hyperparameters of the SVM model were optimized with the artificial fish swarm algorithm
(AFSA), and the accuracy of the optimized model could reach 100%. Using the SVM model,
Griffel et al. [15] evaluated the feasibility of spectral reflectance of five different wavelength
bands in the Vis and NIR regions for distinguishing whether plants were infected with
potato Y virus. The spectral data in the ranges of 500–900 and 720–1300 nm were found to
be preferable for the qualitative determination of potato Y virus, with the highest accuracy
of 89.9%. Atherton et al. [16] used partial least squares (PLS) and combined principal
component analysis (PCA) and spectral change analysis to determine potato early blight at
two different growth stages. PCA successfully distinguished between plants with more
severe disease and those with less severe disease, while spectral change analysis provided
the seven wavelengths most sensitive to early blight infection. Garhwal et al. [17] analyzed
the hyperspectral data by multivariate statistical methods to obtain 34 bands sensitive to
potato zebra chip disease, and a partial least squares discriminant analysis (PLS-DA) model
based on this optimal set of bands achieved an accuracy of 89%. Han et al. [18] developed
a PLS determination model for potato black heart disease based on Vis/NIR spectra, and
successfully simplified the model by combining PCA and spectral morphological features
to use a combination of six wavelengths. The total accuracy of the simplified model could
reach 96.7%. From these studies, it is clear that the method to detect disease directly based
on reflectance can achieve the desired effect. It is necessary to first obtain proper feature
variables to simplify the model, so dimensional reduction in the spectral data is essential.
Since this method only considers the correlation between spectral reflectance and disease
level, it can only be used for the quantification of disease severity.

Actually, plant physiological and biochemical properties are constantly changing
with the development of diseases. The chlorophyll content is an important indicator to
characterize the health status of plants [19,20]. The SPAD value is usually measured as
a substitute for chlorophyll content. Moreover, peroxidase (POD) used to evaluate plant
stress resistance is constantly changing during plant disease and directly related to the
severity of plant disease [21]. Hence, some studies have also attempted to discern the degree
of crop infection based on changes in the internal physicochemical values of the leaves.
Ban et al. [22] developed a SPAD estimation model based on hyperspectral vegetation index
for detecting apple mosaic virus infection. Li and Hu [23] first developed a POD activity
prediction model based on hyperspectral data, a kinetic model was then established to fit
the changes in POD activity, and finally the severity of potato late blight was evaluated
based on the changes. Nevertheless, most of these studies focused on the development of
high-performance predictive models for the rapid determination of physicochemical values.
In fact, the models are also based on the full band or the characteristic band to achieve the
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prediction of the physicochemical values. For example, Kang et al. [24] established a model
for estimating SPAD values of rice leaves under rice blast disease stress. Kong et al. [25]
rapidly determined POD activity in tomato leaves infected with botrytis cinerea based
on hyperspectroscopy. Cheng et al. [26] applied Vis/NIR hyperspectra to detect POD
activity in cucumber leaves with early bacterial angular leaf-spot disease stress. These
studies had not further analyzed the development of physicochemical values over time.
The physicochemical values change continuously with time, and can be applied to evaluate
the disease severity. Therefore, the changes in physicochemical values can be used to
explore the development and to forecast the epidemic period of the disease.

The main objectives of this study were: (1) to investigate the changes in spectral
reflectance and the response of physicochemical values to incubation time and environment
conditions during the stages of disease; (2) to establish a classification model based on
reflectance and physicochemical values to quantify the disease severity by combining pre-
processing, dimensional reduction and classification methods; (3) to predict the epidemic
period based on the response of physicochemical values through time.

2. Materials and Methods
2.1. Leaf Samples

Zhongshu No. 18 seed potato, which is a late blight moderately susceptible variety
was planted during February 2021 in the farmland of Hanzhong, Shaanxi. A number of
leaves in good health and uniform size were collected from potato plants at a late stage of
growth (8–10 weeks after emergence) and inoculated with Phytophthora infestans using
the ex vivo inoculation method. The concentration of the sporangial suspension used for
inoculation was controlled at about 4 × 104/mL. After inoculation, the container in which
the leaves were located was sealed and moisturized with cling film. Finally, the leaves were
placed in an RGX-250B artificial climate incubator (Kuntian Laboratory Instruments Co.,
Ltd., Shanghai, China) at a temperature of (17 ± 1) ◦C for 24 h to ensure successful
infestation. The successfully infested leaves were randomly divided into three groups
and put into an artificial climate chamber at 15, 20 and 25 ◦C with 70% humidity for
6 days. The temperature gradients were set from 15 to 25 ◦C according to the optimum
temperature (16~24 ◦C) for the prevalence of potato late blight. The purpose is to imitate
different environmental conditions for disease infestation in order to investigate the effect
of temperature on the development of late blight. The severely diseased leaves at the end
of the cultivation period had dried out or decayed. As a result, these leaves were not
available for spectral collection, so a total of 270 valid leaf samples were eventually used
for subsequent experimental studies.

2.2. Data Acquisition and Division
2.2.1. Spectra Collection

A USB4000 Vis/NIR fiber optic spectrometer (Ocean Optics, Inc., Dunedin, FL, USA)
in the wavelength range of 350–1000 nm combined with a PRB-D0-IS30 portable reflectance
probe (Yunxiang Optoelectronics Technology Co., Ltd., Wuxi, Jiangsu, China) was used
to collect spectra from the leaves. The diseased area was selected as the region of interest
(ROI) on the leaves. The probe was then used to irradiate the surface of the ROI. During
this process, it is important to ensure that the leaves and the probe fit perfectly. Once the
spectral curve had stabilized, the spectral reflectance data were saved. The measurement
was repeated three times, and then the average value was calculated and taken as the
spectral reflectance of the leaf sample.

2.2.2. Measurements of Physicochemical Values

This section includes the measurement of SPAD value and POD activity of the leaves.
The measurement of peroxidase activity destroys the leaves, which affects the subsequent
experiments. Therefore, we selected a batch of leaves in good health and of uniform size
for the experimental work, and the leaves were different for each day of the experiment.
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Measurements of chlorophyll content were performed using a SPAD-502 chlorophyll meter
(Konica Minolta, Inc., Tokyo, Japan). The determination of peroxidase activity was achieved
by using a spectrophotometric method. The process was as follows. The ROI of the leaves
was cut off, weighed and ground thoroughly, and the crude extract of peroxidase was
obtained by adding the prepared reagents and centrifuged. The absorbance value was then
measured by a YMB-7A enzyme standard meter (YENDA Instruments & Equipment Co.,
Ltd., Xiamen, Fujian, China). The absorbance value at 470 nm was recorded every 1 min
three times. The change in absorbance value by 0.01 per minute was defined as one enzyme
activity unit. The POD activity was calculated according to Equation (1).

POD activity =
∆A470 × Vt

FW × Vs × t × 0.01
(1)

where ∆A470 is the amount of change in absorbance at 470 nm; Vt is the total volume of
enzyme solution (mL); FW is the fresh weight of the sample (g); Vs is the volume of enzyme
solution taken at the time of determination (mL); and t is the time of enzyme action (min).

2.2.3. Disease Classification

The National Standard of the People’s Republic of China GB/T 17980-34-2000 stipu-
lates that there are 6 levels of late blight according to the ratio of the disease spot area to
the total leaf area, i.e., level 0: 0%; level 1: <5%; level 3: 6 to 10%; level 5: 11 to 20%; level
7: 21 to 50%; and level 9: >50%. The artificial climate chamber was completely enclosed
and although the humidity was set at around 70%, the leaves were in a more humid envi-
ronment. Compared to the field environment, the rate of disease onset was faster and the
spread of the spots was consequently faster. Some leaves could be classified as level 3 after
only 1 day of cultivation. Thus, this study made slight adjustments to the above grading
criteria in relation to the basic symptoms of leaf disease [27], as shown in Table 1. Potato
leaves with varying infection levels are shown in Figure 1.

Table 1. Criteria for classification of potato late blight.

Disease Level Ratio (%) Symptoms

Healthy
(level 0) 0 No disease spots

Mild disease
(level 1) <10 Small, light to dark green, irregularly shaped spots

Moderate disease
(level 2) 10~50 Large dark brown lesions on the leaf surface

Severe disease
(level 3) >50 White mold on the leaf surface when the environment is wet, or the whole leaf dries

and shrinks when it is dry
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2.2.4. Datasets

Each leaf sample had its own disease level, POD activity, SPAD value, infection time
and environmental temperature. This study used the Kennard–Stone (KS) algorithm to
divide the data into a calibration set and a prediction set in a ratio of 2:1. The calibration set
and the prediction set were used to train the model and to test the generalization ability of
the model, respectively. The KS algorithm ensures the uniformity of sample distribution
in space [28]. Table 2 shows the statistical results of the physicochemical values for the
two sample sets.

Table 2. Statistical results of physicochemical values of the sample set.

Metric Sets Number Range Mean ± SD

POD activity
/U (g min)−1

Calibration 180 17.23~138.43 73.27 ± 39.35
Prediction 90 17.33~138.03 71.63 ± 38.23

SPAD value
Calibration 180 22.20~39.90 32.49 ± 3.74
Prediction 90 26.90~39.50 32.38 ± 3.32

2.3. Pre-treatment of Spectral Data

The data acquired by the spectrometer includes not only information about the com-
position of the sample, but also extraneous information such as instrument noise, stray
light, background information and baseline drift [29], so the spectral data should first be
pre-processed to establish a stable and reliable mathematical model. A number of com-
mon methods were adopted for pre-processing. Baseline was used for baseline correction
to reduce the interference caused by baseline drift. Mean centering (MC) is a data en-
hancement transformation method that reinforces the differences between data to improve
the representativeness of the model. Moving average smoothing (MA), Savitzky–Golay
smoothing (SG) and median filter are all data smoothing approaches that diminish the
random errors introduced by the instruments. Multiplicative scatter correction (MSC)
and standard normal variate (SNV) can eliminate the errors resulting from the uneven
distribution of sample particle size during the spectral data acquisition.

2.4. Dimensional Reduction in Spectral Data

Spectral data are highly dimensional and complex. The large amount of data not only
increases the complexity of the modeling, but the large amount of redundant and collinear
data it contains can have an impact on the accuracy of the modeling [30–32]. Consequently,
the dimensionality reduction process is crucial. Dimensional reduction involves two means
of feature extraction and feature selection. Feature extraction is the mapping of the original
feature space to a new lower dimensional space, where the feature values are changed.
Feature selection is the selection of a subset of features from the original features, with no
change to the original feature.

2.4.1. Feature Extraction

Linear discriminant analysis (LDA) and neighborhood components analysis (NCA)
utilized in this study are widely used methods for feature extraction. LDA ensures that
the intra-class variance of each class is small and the inter-class mean disparity is large.
NCA learns the optimal linear transformation matrix for data dimensional reduction by
continuously raising the accuracy of the KNN algorithm based on the Mahalanobis distance
measurement [33]. They are both supervised learning methods, so they must be combined
with ML methods to attain reflectance-based disease severity classification.

2.4.2. Feature Selection

To select effective wavelengths to predict physicochemical values, the performance of
competitive adaptive reweighted sampling (CARS), random frog (Frog), uninformative
variable elimination (UVE) and random forest (RF) algorithms were contrasted.
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CARS is able to select the wavelengths in the PLS model with large correlation coeffi-
cients by using adaptive reweighted sampling and an exponentially decreasing function,
and uses cross-validation to progressively select the subset with the minimum RMSE [34,35].
The variables in this subset are the selected wavelengths. However, Monte Carlo sampling
caused the results to be inconsistent from run to run, so the CARS algorithm was run
100 times. Random frog evaluates the importance by calculating the probability of being
selected for each variable [36]. The algorithm was also proposed based on Monte Carlo
random sampling. The average probability of selection over 10 runs was therefore taken as
the evaluation criterion. UVE adds the random noise matrix to the spectral matrix. The PLS
model is established by cross-validation and the regression coefficient matrix is obtained.
UVE analyzes the stability of wavelength variables based on the coefficient [37]. Random
forest was performed to assess the importance of variables based on the mean decrease in
impurity [38].

Except for the CARS algorithm, the remaining three algorithms only reflected the
importance of wavelengths to the model and could not explicitly provide the set of selected
wavelengths. Generally, a threshold is set as a criterion, and then features with importance
higher than the threshold are retained. Obviously, the threshold value affects the number
of filtered features and thus the prediction capability. Therefore, the threshold cannot be set
randomly and artificially, especially when the features do not differ much in importance.
To tackle this problem, a genetic algorithm was applied to optimize the number of features
and maximize the prediction performance.

2.5. Partial Least Squares Regression

PLS is a widely used multivariate statistical method for chemometric analysis. It
allows for severe collinearity among variables and the number of samples can be less than
the number of variables [39]. However, PLS is sensitive to outliers, so outlier detection is
carried out using Monte Carlo sampling prior to modeling [40]. Outlier samples were tested
based on POD activity in developing a prediction model of physicochemical values using
PLS because of the large error in POD activity under the same experimental conditions.
The samples with high mean or standard deviation are considered as outliers, which need
to be removed for the robustness of the model. The essential aspect to be considered in
establishing a PLS model is the determination of the number of latent variables (LVs). This
was tested through multiple modeling. The LVs were gradually increased from 1, and a
10-fold cross-validation was performed to build the model. The LVs corresponding to the
minimum RMSEp were adopted as the final number of variables involved in the model [41].
The coefficient of determination of the prediction set (Rp

2) (Equation (2)) and the root
mean square error (RMSEP) (Equation (3)) are generally used as criteria for evaluating the
performance of PLS models.

RMSEp =

√√√√ 1
N

N

∑
1
(y i − ŷi)2 (2)

Rp
2 = 1 −

N
∑
1
(y i − ŷi)

2

N
∑
1
(y i − y)2

(3)

where N is the total number of samples in the prediction set; yi is the true value of metrics;
ŷi is the predicted value of metrics; and y is the mean of metrics.

2.6. Machine Learning Algorithms

In this study, ML algorithms were used to explore the response of physicochemical
values with time series and environmental conditions during disease development stages,
in addition to classifying disease severity based on reflectance and physicochemical values.
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Therefore, some common methods were chosen for modeling, such as support vector
machines (SVM), k-nearest neighbor (KNN) and decision trees (DT). The methods can be
applied to both classification and regression. All ML methods used in this study were
implemented in the Scikit-learn (sklearn) library based on Python.

The discrimination of disease level based on spectral reflectance can be regarded as a
multi-classification problem. The number of samples in each class was not exactly equal.
In addition to using the accuracy (ACC) for measuring the classification performance of
the model on global samples, weighted precision (P) (Equation (4)) and weighted recall (R)
(Equation (5)) were needed for further evaluation.

P =
n

∑
1

WiPi (4)

R =
n

∑
1

WiRi (5)

Pi =
TPi

TPi + FPi
(6)

Ri =
TPi

TPi + FNi
(7)

where n is the total number of classes; Wi, Pi and Ri are the corresponding weights, precision
and recall for each class, respectively; TPi, FPi and FNi are the number of true positive,
false positive and false negative samples corresponding to each class, respectively. In fact,
a regression model can be fitted to the changes in the physicochemical values to reflect
their response with cultivation time and temperature. The Rp

2 and the RMSEP were also
adopted to evaluate the performance of the regression model.

2.7. Double Factor Variance Analysis

A two-factor ANOVA was performed to decompose the differences in the physic-
ochemical values and to infer whether the temperature or time factors significantly in-
fluenced the changes in the physicochemical values. The temperature factor consists of
3 levels: 15, 20 and 25 ◦C. There are 7 levels of time, namely 0, 1, 2, 3, 4, 5 and 6 d.

3. Results and Discussion
3.1. Response of Spectral Reflectance and Physicochemical Values at Different Disease Stages
3.1.1. Analysis of Spectral Curve Characteristics

Spectral data in the 500~850 nm band were selected for analysis. The average spectra
of the leaves at four disease levels are shown in Figure 2. The solid line in Figure 2 is
the average reflectance curve; the corresponding highlighted part is the error band of the
reflectance curve. As can be seen in Figure 2, the spectral curves have a significant reflection
peak at 550 nm and maintain a high reflectance in the NIR region. The reflectance spectral
features at 550 nm are dominated by chlorophyll content, while those in the NIR band
are determined by a combination of leaf cell structure and canopy structure. With the
severity of the disease, the chlorophyll content in the leaves declined, the reflection of green
light became weaker, the cell walls of the leaves were destroyed [42], the intercellular gaps
became larger, and the multiple reflections were weakened, so the reflectance at 550 nm
and in the NIR spectral band both decreased.

3.1.2. Analysis of the Changes in Physicochemical Values

Figure 3 shows the trends of POD activity (Figure 3a) and SPAD value (Figure 3b)
with cultivation time at different temperature conditions. It can be seen that when the
leaves were successfully infested, referring to the first day of inoculation, there was a slight
decrease in POD activity and a slight increase in SPAD value. Thereafter, as time passed,
the POD activity showed a significant upward trend and the SPAD value was obviously
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decreasing. Chlorophyll content tends to decrease with disease stress, which leads to a
drop in SPAD values. The change in POD activity is related to the defense system in the
plant. The decline in POD activity at the beginning of the disease is due to the disruption of
the metabolic balance in the plant by the pathogen, and the addition afterward is due to the
production of large amounts of POD enzymes in the plant to remove the reactive oxygen
damage caused by the pathogen [43,44]. In addition, the rate of changes in physicochemical
values at different temperature conditions was not the same.
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activity; (b) SPAD value.

Further, a two-factor ANOVA was performed on the two physicochemical values
and the results are shown in Figure 4. The results indicate that the different temperature
treatments caused significant differences (p < 0.05) between the two physicochemical values,
and the rate of change in physicochemical values was the fastest at 20 ◦C and the slowest at
25 ◦C. Significant differences were found between the physicochemical values of infected
and healthy leaves at all times except the first day. This demonstrates that temperature and
time are two important factors that influence the changes in physicochemical values.
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3.2. Optimal Pre-Processing Method
3.2.1. Pre-Processing Method for Spectral Reflectance-Based Classification Models

Figure 5 compares the performance of multiple pre-processing methods combined
with SVM, KNN and DT algorithms for disease-degree classification. The performance was
assessed by the classification accuracy. The pre-processing methods that could improve the
classification performance varied for different ML algorithms. The MC and MF methods
slightly improved the accuracy of the SVM model. However, MC caused the classification
ability of the remaining two models to be severely degraded. MA and SG enhanced the
performance of the KNN model. Baseline, MA, SG and MF all led to higher accuracy of the
DT model. Comparing all of the pre-processing methods, MA and MF both promoted the
performance of two ML models, MSC and SNV were worse than no treatment, especially
MSC. Since MA reduced the performance of the SVM model, so MF was eventually uti-
lized to combine the ML method for classification. In addition, the same pre-processing
method combined with multiple classification models exhibited significant differences in
the accuracy. It is shown that the choice of classification algorithm is more important than
the pre-processing method.
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3.2.2. Pre-Processing Methods for Predictive Models of Physicochemical Values

Table 3 shows the effects of the prediction models for POD activity and SPAD values
based on the raw and pre-treated spectra. Among them, the number of latent variables
differed due to the size and distribution of the physicochemical values and the pre-treatment
methods. As can be seen in Table 3, the pre-treatment methods did not all improve the
performance of the models. The baseline, MSC and SNV pre-treatment methods all reduced
the predictive ability of the model for both physicochemical values. The models treated
by MC had the same results in predicting the calibration set, but became slightly less
effective for the prediction set. For the POD activity prediction model, only the MF method
improved the performance. MA and SG improved the performance of the SPAD value
prediction model, but the fit of MA to the calibration set became worse. Therefore, the
spectral data were processed using MF and SG before building the POD activity and SPAD
value prediction models, respectively.

Table 3. Performance of models based on different pre-treatment methods for predicting physico-
chemical values.

Methods
POD Activity SPAD Value

LVs Rc
2 Rp

2 RMSEc RMSEp LVs Rc
2 Rp

2 RMSEc RMSEp

None 10 0.995 0.965 2.662 7.186 10 0.996 0.978 0.252 0.542
Baseline 10 0.995 0.957 2.776 7.973 11 0.997 0.973 0.209 0.583

MC 10 0.995 0.965 2.662 7.184 10 0.996 0.978 0.252 0.506
MA 12 0.997 0.962 2.178 7.465 11 0.995 0.980 0.261 0.520
SG 12 0.997 0.963 2.247 7.361 12 0.997 0.983 0.194 0.480
MF 11 0.997 0.968 2.159 6.929 11 0.997 0.977 0.201 0.550

MSC 9 0.951 0.893 8.689 13.067 9 0.961 0.873 0.753 1.291
SNV 10 0.975 0.901 6.269 12.352 9 0.972 0.883 0.635 1.173

Note: LVs refers to the number of latent variables; Rc
2 and Rp

2 refer to the coefficients of determination of the
calibration set and the prediction set, respectively; RMSEc and RMSEp refer to the root mean square error of the
calibration set and the prediction set, respectively.

3.3. Effective Spectral Features
3.3.1. Wavelength Extraction

Figure 6 compares the performance of the feature extraction methods combined with
the SVM, KNN and DT algorithms for disease-degree classification. The dimensional
reduction process greatly improves the classification ability of the model, and the accuracy
increases to 99%. From the results, it can be seen that the classification accuracy of all three
ML models built on the data extracted by NCA was higher than that of the models based
on the LDA-extracted data. The effect of extraction using LDA was better than that of NCA.
In addition, there were no major differences in the performance of the classification models
after parameter optimization. This illustrates that the option of dimensional reduction,
rather than classification algorithm, should be considered first when building classification
models based on spectral reflectance.

3.3.2. Wavelength Selection

The performance of the models based on different feature selection methods for
predicting physicochemical values is shown in Table 4. For the POD activity prediction
model, all feature selection methods enhanced the performance of the model. However,
the models built after wavelength selection using UVE and RF had a slightly decreasing
predictive capability for SPAD values. This was because the number of wavelengths
was dropped by more than 86% after CARS and random frog selection, which effectively
eliminated redundant data and retained effective wavelengths. UVE and RF preserved
approximately 56 and 28% of the spectral data, respectively, and a secondary selection
based on this should be considered.
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Figure 6. Comparison of the classification performance of different feature extraction methods
combined with machine learning models.

Table 4. Performance of models based on different feature selection methods to predict physicochem-
ical values.

Methods
POD Activity SPAD Value

N Rc
2 Rp

2 RMSEc RMSEp N Rc
2 Rp

2 RMSEc RMSEp

None 1793 0.997 0.968 2.159 6.929 1793 0.997 0.983 0.194 0.480
CARS 140 0.997 0.989 2.319 3.943 131 0.997 0.995 0.226 0.254
Frog 227 0.999 0.995 1.497 2.811 248 0.996 0.995 0.246 0.254
UVE 857 0.997 0.970 2.153 6.734 999 0.999 0.984 0.127 0.542
RF 479 0.998 0.972 1.642 6.581 507 0.997 0.972 0.202 0.577

Note: N (number) refers to the number of selected wavelengths.

The POD activity prediction model established by spectral data filtered by random
frog was the most effective, with 87.3% reduction in the number of wavelengths and 59.4%
decrease in RMSEp. Figure 7 shows the average probability of selection for each wavelength
obtained by random frog, and the wavelengths selected by an iterative search using GA
correspond to a probability threshold of 0.15. The SPAD value is best predicted using CARS.
The number of wavelengths was decreased by 92.7% and the RMSEp was reduced by 45.9%.
Figure 8 shows the results of the CARS runs. Figure 8a indicates that the number of selected
variables decreases gradually as the number of runs increases, and the number of runs was
roughly exponentially related to the number of variables. It can be seen from Figure 8b
that the RMSECV reached the minimum value after 21 sampling runs. The corresponding
selected wavelengths distribution is shown in Figure 9.

It is observed from Figure 9 that the effective wavelengths related to the two physico-
chemical values were distributed in both the Vis and NIR region. It was mainly concentrated
in red (622~780 nm) and green (492~577 nm) in the visible region. In the red region, the num-
ber of effective wavelengths associated with the two physicochemical values accounted for
43.6 and 38.1% of the total number, respectively. Of these, 50% of the effective wavelengths
in the red region came from the red edge region. The number of effective wavelengths in
green region represented 22.5 and 29.0% of the total number, respectively. Surprisingly,
these wavelengths (green, red, red-edge, and near-infrared regions) are similarly more
sensitive to late blight infestation. There are significant differences in reflectance between
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healthy and infected plants in these regions [45,46]. This confirms the feasibility of assessing
the level of late blight based on physicochemical values.
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3.4. Classification Performance

The performance of the classification models based on reflectance and physicochem-
ical values built by combining pre-processing, dimensional reduction and classification
methods is shown in Table 5. The process of predicting the physicochemical values using
PLS generated bias, which was incorporated into the classification model thereby reducing
the accuracy. Thus, this study also uses gradient boosted decision trees (GBDT) for classifi-
cation, which is one of the ensemble methods that can integrate multiple weak classifiers
to improve accuracy. The accuracy of the model built using GBDT was improved to 95%.
Table 6 shows the statistics of disease levels of all leaf samples at different temperatures
and cultivation periods. As can be seen from Table 6, the rate of disease development was
approximately the same under different temperature conditions. The disease developed
into level 1 one day after incubation, then became level 2 in 4–5 days and turned into level 3
during the 6th day. It can be seen from Figure 3 that the two physicochemical values of
the leaves at the fourth to fifth day of cultivation were apparently different from those at
other periods, while the physicochemical values of healthy and level 1 diseased leaves
were relatively close. Therefore, the highest recognition rate was achieved for leaves with
level 2 disease and the worst for healthy leaves when using GBDT for classification based
on physicochemical values. Healthy and level 1 diseased leaves were easily misclassified.
The classification performance of the reflectance-based model was better, but both models
had the potential to underestimate the severity of disease.

Table 5. The performance of the classification models based on reflectance and physicochemical
values built by combining pre-processing, dimensional reduction and classification methods.

Model Reflectance-Based
Physicochemical Values-Based

POD SPAD

Method
Pretreatment MF MF SG
Reduction LDA Frog CARS
Classification SVM GBDT

level 0 level 1 level 2 level 3 level 0 level 1 level 2 level 3

Metric
P(%) 100 98 100 100 89 96 99 95
R(%) 100 100 100 92 89 97 97 95
ACC(%) 99 95
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Table 6. The statistics of disease levels of all leaf samples at different temperatures and cultivation periods.

Temp (◦C) Time (d) Level Temp (◦C) Time (d) Level Temp (◦C) Time (d) Level

15 0 0 20 0 0 25 0 0
15 1 1 20 1 1 25 1 1
15 2 1 20 2 1 25 2 1
15 3 1 20 3 1 25 3 1
15 4 1 20 4 2 25 4 2
15 5 2 20 5 2 25 5 2
15 6 3 20 6 3 25 6 3

3.5. Epidemic Period Prediction Based on Physicochemical Values

Temperature and time remarkably affected the changes in physicochemical values
during disease development, which in turn indicate disease levels. Thus, the prediction
of the epidemic period can be based on the physicochemical values. This study aims to
predict when the next stage of the disease is reached. For example, a sample at 15 ◦C for
2 days is predicted to develop into a level 2 disease after 3 days. Regression models based
on temperature and time could be developed to fit the changes in physicochemical values.
The performance of the established regression models is shown in Table 7, which shows
that the fitting effect of using DT and KNN was comparable and slightly better than SVM.
It is possible to predict the epidemic period by combining the regression and classification
model based on physicochemical values. Figure 10 shows a confusion matrix to indicate the
results of the prediction of the epidemic period. The accuracy is 88.5%. The classification
model misclassified the disease level of 12 samples, resulting in a lower accuracy.

Table 7. Performance of regression models fitting the changes in physicochemical values.

Methods
POD Activity SPAD Value

Rc
2 Rp

2 RMSEc RMSEp Rc
2 Rp

2 RMSEc RMSEp

DT 0.998 0.997 1.764 2.286 0.963 0.961 0.693 0.704
KNN 0.998 0.997 1.764 2.287 0.963 0.961 0.693 0.704
SVM 0.997 0.996 1.850 2.382 0.959 0.958 0.725 0.732
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4. Conclusions

This study systematically combined pre-processing, dimensional reduction and clas-
sification methods to determine the severity of disease based on spectral reflectance and
physicochemical values, and further explored the feasibility of predicting the epidemic
period based on changes in physicochemical values. The main conclusions include:
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(1) The spectral reflectance and physicochemical values varied with the development
of disease. The mean reflectance decreased, the POD activity decreased slightly and
then increased significantly, and the SPAD value rose marginally and then declined
continuously. It demonstrates that the changes in reflectance and physicochemical
values can reflect the disease level.

(2) For the reflectance-based classification model, it is most essential to choose the di-
mensional reduction method, followed by the classification method. In this case the
established MF–LDA–SVM classification model had the best classification perfor-
mance with an accuracy of 99%.

(3) A high-performing prediction model is a prerequisite for classifying the severity
of disease based on physicochemical values. MF for pre-treatment combined with
Frog for wavelength selection improved the predictability of POD activity. SG for pre-
treatment combined with CARS for wavelength selection led to much better prediction
of SPAD values. The grading using GBDT based on the predicted physicochemical
values was 95% accurate. In addition, there were significant differences in reflectance
at sensitive wavelengths extremely relevant to both physicochemical values under
different levels of disease stress. This indicates the feasibility of rapid non-destructive
determination of physicochemical values based on Vis/NIR spectroscopy for potato
late blight disease classification.

(4) Temperature and time are important factors that influence the changes in physico-
chemical values. The Rp2 of the fitted regression models based on these two factors for
POD activity and SPAD value were 0.997 and 0.961, respectively. The final prediction
of epidemic period was achieved by combining regression and classification models
based on physicochemical values with an accuracy of 88.5%.

The potato leaves in this study were infected through human intervention. The disease
had a rapid onset rate. Therefore, the use of spray inoculation to infect potato plants could
be considered in future work. The development of late blight disease interacting with
temperature and humidity should be investigated to provide a theoretical guide for the
early detection of potato late blight disease in the field.
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