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A B S T R A C T   

Compared with the traditional visual detection method, hyperspectral imaging enables efficient and non- 
destructive plant monitoring. Besides, it has great potential in plant phenotyping in response to disease and 
insect infections. However, most previous studies on hyperspectral imaging have focused on detecting a single 
disease, which can rarely discriminate between multiple co-occurring diseases and insects. In this study, three tea 
plant stresses with similar symptoms, including the tea green leafhopper (Empoasca (Matsumurasca) onukii 
Matsuda), anthracnose (Gloeosporium theae-sinesis Miyake), and sunburn (disease-like stress), were evaluated. A 
multi-step approach was proposed based on hyperspectral imaging and continuous wavelet analysis (CWA) to 
discriminate the plant stresses. The process entailed: (1) Feature extraction for detection and discrimination of 
tea plant stresses based on CWA; (2) Detecting abnormal areas on tea leaves via the k-means clustering and 
support vector machine algorithms; (3) Construction of a model for identification and discrimination of the three 
tea plant stresses via the random forest algorithm. The results showed that CWA could effectively identify 
spectral features for distinguishing the three stresses. The overall accuracy (OA) of the proposed approach 
reached 90.26%-90.69%, with anthracnose having the highest OA (94.12%-94.28%), followed by tea green 
leafhopper (93.99%-94.20%), while sunburn damage was the least (82.50%-83.91%). Therefore, hyperspectral 
imaging is effective for plant phenotyping after diseases and insect infections.   

1. Introduction 

Tea is an important economic crop with an increasing global demand 
(Xia et al., 2017; Fang et al., 2019; Bora et al., 2019). However, diseases 
and insect infestations pose severe threats to the yield and quality of tea 
leaves, thus limiting crop productivity. At present, there are nearly 
1,000 types of tea plant pests and more than 380 tea plant diseases 
globally, which cause yield losses as high as 43% (Roy et al., 2019; 
Gnanamangai and Ponmurugan, 2012; Sun et al., 2019). Effective 
monitoring and identification of major tea plant diseases and insects 
could guide precise disease prevention and insect control. This could 
help reduce environmental pollution caused by the excessive application 
of insecticides and pesticides (Sankaran et al., 2010; Hu et al., 2019). A 
high-throughput phenotypic analysis is also applied during tea plant 
breeding to detect diseases and insect infestations. Presently, manual 
inspection and sampling methods, including field scouting of symptoms, 
disease incidence rate, and severity, or taking samples of diseased 

plants, and detecting the pathogens through immune or biochemical 
procedures are commonly used for monitoring of diseases and insects in 
tea gardens (Zhang et al., 2019a). Although these conventional methods 
can achieve relatively accurate and reliable results, they can be sub
jective and inefficient, limiting rapid investigation over large areas. 
Therefore, non-destructive pest detection methods are needed (Mahlein 
et al., 2019). 

Hyperspectral imaging (HSI) has recently emerged as a non- 
destructive sensing technology with great potential to detect crop dis
eases and insect infestations. HSI can simultaneously obtain both spatial 
and spectral information. Therefore, it captures the spectral leaf changes 
caused by the symptoms of diseases and insect infestations. This makes it 
valuable for the diagnosis and determination of the degree of disease 
and insect infestations. Various studies have combined spectral analysis 
with pattern recognition algorithms to effectively identify plant dis
eases. For instance, Xie et al. (2017) used 655, 746, 759, 760, and 761 
nm spectral bands as the feature set. These were combined with the KNN 
model to build a classification model of tomato gray mold, and obtained 
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an OA of 97.22%. Sinha et al. (2019) also selected 16 Visible and Near- 
infrared (VIS-NIR) bands to detect grapevine leafroll disease. Similarly, 
quadratic discriminant analysis (QDA) has been used to develop a dis
ease recognition model with an OA greater than 75%. The vegetation 
indices can detect some important physical and chemical plant traits by 
applying a mathematical combination of some original wavebands. 
Abdulridha et al. (2019) tested the ability of 31 vegetation indices to 
detect citrus canker. The results showed that the improved chlorophyll 
absorption reflectance index (ARI and TCARI1) combined with the 
radial basis function could effectively detect the disease, with OA of 
94%. Yuan et al. (2019) also constructed two disease indices based on 
HSI data (tea anthracnose ratio index (TARI) and tea anthracnose 
normalization index (TANI)) which were then combined with the ISO
DATA image clustering algorithm for the adaptive detection of tea 
anthracnose. 

However, recent studies that have used spectral analysis to detect 
plant diseases and insect infestations mainly focus on the leaf scale. 
Besides, corresponding techniques have been primarily designed to 
identify single stress. However, various disease and insect stresses 
concurrently occur in the actual farmland environment. For instance, tea 
green leafhopper (GL) and anthracnose (AH) co-exist in the green tea 
planting area. In addition, tea plantations severely damaged by diseases 
and insect infestations, such as the tea green leafhopper, are also more 
vulnerable to drought and heat damage, resulting in leaf sunburn (SB) 
(Han et al., 2013). GL, AH, and SB have different methods for their 

prevention and control. For instance, GL and AH should be picked 
multiple times in batches, pruned reasonably, and fertilized properly. 
However, SB usually needs timely irrigation without picking, pruning, 
and fertilizing. Therefore, effective technology for diagnosing and dis
tinguishing between the various tea plant stresses is needed since 
inappropriate procedures can severely affect many cases. However, 
spectral similarity may exist between different diseases and insect in
festations or other stresses. Therefore, spectral analysis methods should 
be precise, especially to identify subtle spectral differences (Mahlein 
et al., 2013; Yuan et al., 2014; Baranowski et al., 2015). Among the 
available spectral analysis methods, continuous wavelet analysis (CWA) 
is superior to traditional approaches in spectral feature extraction of 
biochemical parameters, such as vegetation moisture (Cheng et al., 
2011; Cheng et al., 2014). In recent years, CWA has shown encouraging 
results in identifying and differentiating plant diseases and insects, such 
as yellow rust, powdery mildew, and aphids in winter wheat (Zhang 
et al., 2014; Zhang et al., 2017). Therefore, the ability of CWA in dis
tinguishing tea plant diseases and insect infestations should be 
examined. 

Tea plants in Southern China are prone to GL, AH, and SB attacks. 
Although the above stresses exhibit similar symptoms, different pro
cedures are required to prevent or alleviate their occurrence and dam
ages. Herein, hyperspectral imaging technology and CWA were used to: 
(1) assess the spectral characteristics of the three similar tea plant 
stresses and identify optimized feature sets for detection and 

Nomenclature table 

AH Anthracnose 
CWA Continuous wavelet analysis 
FLDA Fisher linear discriminant analysis 
GL Tea green leafhopper 
HSI Hyperspectral imaging 
NM Normal areas 
OA Overall accuracy 
OFs-AD Optimal features for abnormality detection 
OFs-SD Optimal features for stresses discrimination 
RF Random forest 
RMV Maximum differential value in red edge 

ROI Regions of interest 
RPMV Position of the maximum differential value in red edge 
RSV Sum of differential values in red edge 
SB Leaf sunburn 
SFs-AD Spectral features for abnormality detection 
SFs-SD Spectral features for stresses discrimination 
SVM Support vector machine 
WFs-AD Wavelet features for abnormality detection 
WFs-SD Wavelet features for stress discrimination 
YMV Maximum differential value in yellow edge 
YPMV Position of the maximum differential value in yellow edge 
YSV Sum of differential values in yellow edge  

Fig. 1. Symptoms of GL, AH, and SB at canopy and leaf level.  
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discrimination of tea plant stresses; (2) integrate image clustering 
analysis and multiple classification methods (support vector machine 
(SVM), Fisher linear discriminant analysis (FLDA), and random forest 
(RF)) to develop a protocol for identifying and discriminating the 
stresses. 

2. Materials and methods 

2.1. Experimental materials 

A plant pathologist identified and collected the tea leaf samples of 
GL, AH, and SB from the experimental tea gardens of the Chinese 
Academy of Agricultural Sciences, Hangzhou, Zhejiang, China. AH 
(cultivar: Longjing 43) samples were collected in September 2017, GL 
(cultivar: Longjing 43) and SB (cultivar: Baiye No. 1) samples were 
collected in June 2019 at the growing stage of the summer shoot of tea 
plants. The Longjing 43 and Baiye No. 1 are widely used in Zhejiang 
Province to produce green tea. Both cultivars are susceptible to AH and 
GL and are vulnerable to sunburn. GL is characterized by leaf yellowing 
and edge curling, and premature leaf abscission (Jin et al., 2012; Mei 
et al., 2017). AH infection is characterized by gray-brown spots on tea 
leaves (Chen et al., 2012). SB, a disease-like stress condition, is char
acterized by dehydration, tarnishing, reddening, scorching, and abscis
sion (Wahid et al., 2007; Han and Xiao, 2013) on the crown surface of 
tea plants (Fig. 1). The leaf samples (118 GL, 72 AH, and 119 SB) were 
transported to the laboratory in a small incubator. An indoor imaging 
hyperspectral testing system was used to obtain the hyperspectral im
aging data. 

2.2. Measuring hyperspectral imaging 

A hyperspectral imager (UHD185, Cubert GmbH, Ulm, Germany) in 
a dark box under two 50 W halogen lamps (ASD Pro Lamp, ASD Inc., 
Boulder, Colorado, USA) was used for hyperspectral imaging. A sche
matic diagram of the HSI system is shown in Fig. 2. The image had a 
spatial resolution of 1000 * 1000 pixels and a spectral resolution of 4 nm 
with 125 bands at 450–950 nm. The hyperspectral image had a spatial 
resolution of 0.1 mm/pixel, exposure time of 10 ms. The distance be
tween leaf and camera lens is 500 mm, and the lens f = 25 mm. Image 
radiometric correction was conducted using the reference PTFE white
board and blackboard (https://sphereoptics.de/) to derive the reflec
tance. The spectral signals could saturate because the wax layer of the 

tea tree was relatively thick. Therefore, such samples were removed to 
ensure the quality of the data for subsequent analysis. Finally, 100 GL, 
60 AH, and 100 SB leaves were retained. Half of the samples (130 im
ages) were randomly selected from each stress category to form the data 
set for model training, and the remaining half was used for model 
validation. 

2.3. ROI selection of hyperspectral images 

It is necessary to select regions of interest (ROI) on the leaves for 
spectral information extraction when studying the spectral characteris
tics of the three foliar damages. Herein, two ROIs were selected for each 
leaf image in the training data set, located in the center of normal (NM) 
and abnormal areas. The selected ROIs were kept symmetrical with the 
leaf vein, and the areas with large spectral changes, such as leaf veins, 
were avoided. In each leaf sample, all the pixels of two ROIs for normal 
and lesion areas were averaged to obtain the spectra representing the 
ROI. A total of 130 lesion spectra and 130 normal spectra were obtained. 

2.4. Feature extraction for abnormality detection and stress 
discrimination 

The conventional spectral differential analysis, continuum removal 
analysis, and continuous wavelet analysis (Demetriades-Shah et al., 
1990; Pu and Gong, 2004; Cheng et al., 2010) were used for abnormality 
detection and stress discrimination. They are all classic methods used to 
analyze the spectral shape and capture the spectral reflecting and 
absorbing features. Further, they mitigate the background influence of 
radiation variations. Therefore, the spectral shape identified based on 
the above methods has achieved excellent performance in several 
studies (Pu, 2017). Herein, “detection” refers to identifying abnormal 
areas (all the three stresses were defined as abnormal) in tea leaves. Each 
pixel is judged as healthy or stressed. “Discrimination” aims at deter
mining the stress type (GL, AH, or SB) of the identified abnormal pixels. 

2.4.1. Extraction of continuous wavelet features 
The CWA technique decomposes the reflectance spectra with 

continuous scale and wavelength based on the wavelet transformation, 
then extracts the wavelet features from the obtained wavelet coefficient 
spectrum. Compared with the commonly used spectral indices, wavelet 
features can effectively capture the spectral shape information, which 
can detect both the microscopic and macroscopic characteristics in the 

Fig. 2. Schematic diagram of a hyperspectral imaging system.  
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spectra (Cheng et al., 2010). Herein, Mexican Hat (Quasi-Gaussian 
function) was used as the wavelet basis (Torrence and Compo, 1998). 
The decomposition scale was restricted to 2i (i = 0, 1, 2, to 10) to reduce 
the complexity of the analysis (Cheng et al., 2010; Cheng et al., 2011). 

After completing CWA, each spectral curve was used to generate 
corresponding wavelet coefficients at various decomposition scales. A 
sensitivity analysis should be conducted to identify the most appropriate 
features for detecting plant diseases and pests (Zhang et al., 2019b). 
Herein, an independent t-test was conducted among each pair of stresses 
(GL vs. AH, GL vs. SB, and AH vs. SB) and normal against each stress type 
(GL vs. NM, AH vs. NM, and SB vs. NM). Six p-value scalograms were 
obtained, indicating significant differences across all wavelengths and 
scales. The retained wavelet elements from the GL vs. NM, AH vs. NM, 
and SB vs. NM p-value scalograms were overlapped to obtain the wavelet 
feature regions for abnormality detection (p < 0.001). Meanwhile, the 

overlapped wavelet feature regions from the GL vs. AH, GL vs. SB, and 
AH vs. SB p-value scalograms were identified for stress discrimination 
(Fig. 3). For the extraction and calculation of the wavelet features within 
each identified wavelet feature region, the wavelength and scale cor
responding to the minimum value in the region was determined as the 
optimal wavelet feature. The wavelet features corresponding to the t- 
value peaks in local sub-regions within the sensitive region were 
selected as the optimal wavelet features where the feature area was a 
continuous large region (L > 100 nm) to avoid missing crucial infor
mation. The optimal wavelet features formed the wavelet features for 
abnormality detection (WFs-AD) and stress discrimination (WFs-SD). 

2.4.2. Extraction of differential and continuum features 
Besides CWA, the conventional spectral differential analysis and 

continuum removal analysis were used to capture significant variations 

Fig. 3. Flow chart of feature selection for abnormality detection and stresses discrimination based on continuous wavelet analysis. (GL, AH, SB, NM indicate tea 
green leafhopper, anthracnose, sunburn, and normal leaves, respectively). 
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in spectral shape with certain spectral transformations (Gong et al., 
1997; Pu and Gong, 2004). Nine spectral characteristics from the first- 
order differential and continuum removal features were then selected 
to form a candidate spectral feature set (Table 1). 

A similar spectral sensitivity analysis (Section 2.4.1) was performed 
on the above spectral differential and continuum removal features via 
the independent t-test to obtain the spectral features for abnormality 
detection (SFs-AD) and stress discrimination (SFs-SD). To avoid 

information redundancy among the identified WFs and SFs, a cross- 
correlation analysis was performed on each pair of features from the 
WFs and SFs for abnormality detection and stress discrimination, 
respectively. A criterion of R2 > 0.8 was used to remove features with a 
high correlation, after which attributes with stronger sensitivity 
(marked as the smaller p-value) were retained. All feature pairs within 
the spectral features were traversed to form the optimal features for 
abnormality detection (OFs-AD) and stress discrimination (OFs-SD). 

2.5. Construction of a step-by-step abnormality detection and stress 
discrimination model 

A step-by-step abnormality detection and stress discrimination 
model was established based on images of optimal features (OFs) 
extracted from the hyperspectral imaging data, combined with various 
machine learning approaches (Fig. 4). The K-means algorithm was used 
for image clustering. The K-means algorithm can divide the whole data 
set into k disjoint clusters, process large data sets, and quickly converge 
them to local optimum (Zahra et al., 2015). Meanwhile, three machine 
learning approaches, including SVM, FLDA, and RF, were used, and their 
stress detection and discrimination abilities were compared. FLDA is a 
standard technology used for dimension reduction. It can find the pro
jection direction between very distant classes and very close classes to 
achieve a good classification effect (Duda and Hart, 1973). SVM can 
effectively analyze high-dimensional data when the size of training 
samples is small, and the difference between classification samples is not 
apparent (Tarabalka et al., 2010; Jiménez-Carvelo et al., 2019). RF is a 
combination of decision trees based on the idea of bagging. The RF 
classifier averages many noisy but approximately unbiased models, thus 
reducing variance (Pal, 2005). The FLDA does not include parameters 
for tuning. For SVM, through preliminary analysis that based on the 
training data and the criteria of the highest overall accuracy, the C-SVC 

Table 1 
Conventional shape based on spectral features.  

Feature Type Position Band 
Range 
(nm) 

Feature Reference 

First-order 
differential 
features 

Yellow 
edge 

540–620 Maximum 
differential value 
(YMV) 

Gong et al. 
(2002) 

Position of the 
maximum 
differential value 
(YPMV) 
Sum of differential 
values (YSV) 

Red edge 660–780 Maximum 
differential value 
(RMV) 
Position of the 
maximum 
differential value 
(RPMV) 
Sum of differential 
values (RSV) 

Continuum 
removal 
features 

VIS-NIR 530–770 Depth Pu et al. 
(2003) Width 

Area  

Fig. 4. Technical workflow of tea plant stresses detection and discrimination based on hyperspectral imaging data.  
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algorithm was determined as the core algorithm. The RBF kernel func
tion was selected from Linear, Polynomial, RBF, and Sigmoid, and the 
parameter C was set to 1 from a range of [1–10] with a step of 1. The 
same process was used to determine the number of the tree for RF. The 
number was determined as 1000 from a range of [100–2000] with a step 
of 100. Notably, both SVM and RF can self-adapt under given parameters 
and data. 

The step-by-step strategy for detection and discrimination of plant 
stresses was constructed as follows:  

(1) The k-means algorithm was used to cluster the tea leaf area. To 
avoid irregular leaf lesion edges and “salt pepper” fragments in 
classification, the k-means algorithm was used on OFs-AD images 
for image clustering before subsequent analysis. The obtained 
clusters were used as analysis units during stress detection and 
discrimination (Yuan et al., 2019). The clustering number n was 
set to 20 through trial and error.  

(2) The SVM algorithm was used to detect the abnormal areas on tea 
leaves based on the leaf image clusters. Each cluster was classified 
into the normal or abnormal area using the training data and SVM 
algorithm. The abnormal regions were further processed using 

the subsequent stress discrimination to simplify the problem and 
improve the overall discrimination accuracy. 

(3) Based on the identified abnormal areas, FLDA, RF, and SVM al
gorithms were used on OFs-SD feature images to compare their 
performance on discrimination of tea stresses. 

2.6. Assessment of accuracy 

For sample validation, the hyperspectral leaf images were visually 
interpreted, and the ROI of abnormal areas was extracted manually to 
act as a reference. The proposed methods were then compared with the 
reference ROIs to determine the numbers of correctly classified and 
misclassified pixels, thus generating a confusion matrix for accuracy 
evaluation. The accuracy evaluation was done based on overall accuracy 
(OA) = (TN + TP)/(TN + TP + FN + FN), precision = TP/(TP + FP) and 
recall = TP/(TP + FN). MATLAB software (MathWorks Inc., Natick, 
Massachusetts, USA) was used for all statistical analyses and modeling. 

3. Results and discussion 

3.1. Detection and discrimination features of tea plant stresses 

The spectral curves of the three tea plant stresses (GL, AH, and SB) 
and corresponding normal leaves are shown in Fig. 5. Compared with 
the normal samples, the three stresses induced similar spectral changes. 
The main changes included a decreased reflectance around the green 
peak (near 550 nm) and near-infrared platform (near 770 nm) and 
increased reflectance around the red valley (near 680 nm). The spectrum 
curves of the three stresses revealed a convergence at the visible region. 
However, the spectral curve in the near-infrared region was significantly 
lower in SB than in GL and AH. By viewing the spectra of samples from 
different stresses (Fig. 5), it can be observed that the average spectra of 
different classes approach to each other. Therefore, some in-depth 
spectral analysis is necessary for effectively classifying these stresses. 

The sensitivity analysis of spectral features used for detecting 
abnormal areas was performed on wavelet and conventional features to 
screen the optimal feature sets. The t-test results of wavelet scalograms 
of the three tea plant stresses versus their normal samples are shown in 
Fig. 6. Overlapping of the sensitive regions on each scalogram identified 
five WFs-AD (Table 2) located at the green (543 nm), red (623 nm), red- 
edge (700 nm), and near red (721–745 nm) spectral regions. For the 
large-area contiguous sensitive region, four wavelet features were 

Fig. 5. Average reflectance and standard deviations for the three tea plant 
stresses. (GL, AH, SB, NM indicate tea green leafhopper, anthracnose, sunburn, 
and normal leaves, respectively). 

Fig. 6. Wavelet feature selection based on t-test scalograms for abnormality detection. (GL, AH, SB, NM indicate tea green leafhopper, anthracnose, sunburn, and 
normal leaves, respectively). 
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selected at four local extreme value regions to ensure the diversity of the 
wavelength and scale distributions of wavelet features. The sensitivity 
analysis results of the conventional SFs obtained four SFs-AD (YSV, 
RMV, RSV, and Width) (Table 3). These features were mainly located 
around the chlorophyll absorption regions (450 nm and 650 nm), red- 
edge (680–750 nm), and near-infrared areas (700–750 nm). 

Cross-correlation analysis of the identified WFs-AD and SFs-AD 
detected and removed considerable redundancy (using a criterion of 
R2 < 0.8). Subsequently, OFs-AD constructed using fewer features 
(WFA04, WFA05, YSV, RMV, and Width) were obtained as the final inputs 
for detecting the abnormal leaf areas. 

A similar procedure was used on the t-test scalograms (Fig. 7) to 
screen the features of discriminating tea plants stresses. Comparing the 

sensitivity patterns shown in the scalograms for stress detection (Fig. 6), 
the sensitive regions significantly shrunk, possibly due to the relatively 
similar spectral variations between GL and AH. However, the superiority 
of continuous wavelet analysis was used to assess all the wavelength and 
scales, identifying seven sensitive areas that could capture spectral dif
ferences (Table 4). The WFs-SD were mainly located around the blue, 
green, and red-edge spectral regions. Besides, none of the nine con
ventional features passed the sensitivity analysis for all the three stress 
pairs (Table 5). Conventional SFs can capture the spectral shape varia
tions around specific spectral regions. In this study, the SFs did not 
capture some subtle spectral changes between stresses with similar 
symptoms. For instance, most SFs except for YSV could not differentiate 
between GL and AH. Meanwhile, wavelet features had superior adaptive 

Table 2 
Parameters of selected wavelet features for abnormality detection.   

Wavelet 
Features 

Scale Wavelength 
Region (nm) 

Wavelength (nm) at 
minimal p-value 

WFs- 
AD 

WFA01 4 538–564 543 
WFA02 6 618–633 623 
WFA03 5 695–701 700 
WFA04 4 717–724 721 
WFA05 4 738–760 745  

Table 3 
Sensitivity of conventional spectral features on abnormality detection.  

Spectral Features Significance of independent T-test 

GL vs. NM AH vs. NM SB vs. NM 

YMV    
YPMV  + +

YSV* + + +

RMV* + + +

RPMV  + +

RSV* + + +

Depth + +

Width* + + +

Area + +

Note: “+” indicates that the significance of the t-test satisfies p < 0.001, and * is 
the selected spectral features for abnormality detection. GL, AH, SB, and NM 
represent tea green leafhopper, anthracnose, sunburn, and normal leaves, 
respectively. 

Fig. 7. Wavelet feature selection based on t-test scalograms for stress discrimination. (GL, AH, SB indicate tea green leafhopper, anthracnose, and sunburn, 
respectively). 

Table 4 
Parameters of selected wavelet features for stress discrimination.   

Wavelet 
Features 

Scale Wavelength 
Region(nm) 

Wavelength(nm) at 
Minimal p-value 

WFs- 
SD 

WFS01 3 451–459 451 
WFS02 4 475–486 484 
WFS03 4 499–506 503 
WFS04 5 513–524 521 
WFS05 5 622–639 633 
WFS06 4 647–652 650 
WFS07 6 711–723 719  

Table 5 
Sensitivity of conventional spectral features to stress discrimination.  

Spectral Features Significance of independent T-test 

GL vs. AH GL vs. SB SB vs. AH 

YMV    
YPMV    
YSV + +

RMV  + +

RPMV  +

RSV  + +

Depth  + +

Width   +

Area  + +

Note: “+” indicates that the significance of the t-test satisfies p < 0.001. GL, AH, 
and SB represent tea green leafhopper, anthracnose, and sunburn, respectively. 
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spectral feature extraction capability that could capture the subtle var
iations in the spectral shapes corresponding to different stresses. Also, all 
the seven features were included in the OFs-AD because all WFs-AD 
passed the cross-correlation check. 

Tea plant stresses, such as diseases, insects, and sunburns, destroy 
the leaf chloroplast structure, weakening the absorption of corre
sponding bands and increasing the reflectance (Belward, 1991; Wang 
et al., 2014). Meanwhile, decreased chlorophyll concentration also 
causes a shift of the red edge towards the shortwave direction (Jago 

et al., 1999). Besides, the leaf damages cause substantial cell destruction 
in the leaf sponge tissue and decrease water content in some severe 
cases. These damages can reduce the spectral reflectance in the near- 
infrared region (Wang et al., 2014; Abdulridha et al., 2019). SB usu
ally occurs when tea plants exposed to intense sunlight and severe 
dehydration develop a lower spectral reflectance in the near-infrared 
band than GL and AH (Han and Xiao, 2013). Notably, in the Wavelet 
features, WFA02-03, WFS01-02, and WFS05-06 located around the chloro
phyll absorption bands indicate the damage of the chloroplast. WFA04-05 

Fig. 8. Demonstration of the leaf abnormal area detecting process. Note: GL, AH, SB indicate tea green leafhopper, anthracnose, and sunburn, respectively. The 
clustering results were generated based on the optimal spectral features identified for leaf abnormal area. The clusters are shown in different colours in both the leaf 
image and their distributions in the RED-NIR 2-D feature space. 
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and WFS07 located around the Near-infrared platform indicate the 
spectral change induced by cellular structure changes. 

3.2. Step-by-step detection and discrimination model of tea plant stress 

3.2.1. Abnormality detection model of tea plants 
A tea plant model for detecting abnormal areas was constructed 

based on OFs-AD, k-means clustering, and SVM algorithms. “Red-NIR” 
(Fig. 8) shows the distribution of all leaf pixels from different clusters 
that were obtained via k-means (shown in different colours) in the Red- 
NIR two-dimensional feature space. The results showed that many pixels 
diffused outward from the centre and were distributed in a fan-shaped 
two-dimensional scattering pattern. The abnormal area pixels are 
often located at the lower right corner of the fan-shaped area near the x- 
axis, indicating that the red band reflectance of the pixels in this region 
is higher. In contrast, the near-infrared reflectance is lower, consistent 
with the spectral characteristics shown in Fig. 5. The OA of the model 
was 90.86% (Table 6), indicating that the model can effectively distin
guish normal and stressed leaves. However, the detection accuracy of SB 
(83.97%) was significantly lower than that of GL (94.29%) and AH 
(94.32%). This finding could be because SB symptoms are not similar to 
GL and AH symptoms. The edge of the SB spot is relatively blurred with a 
gradual change in pattern (Han and Xiao, 2013). Besides, a certain de
gree of deviation may occur through methods, such as clustering, 
challenging its identification. Notably, when performing abnormality 
detection on the test set, errors always occur at the petiole and leaf edge 
(misclassification of the normal area as abnormal), as shown in Fig. 8 
with SB-1, SB-2, and AH-1. This finding may be attributed to the fact that 
the petiole contains low pigment and high lignin and cellulose concen
trations, resulting in different spectral responses (Taiz et al., 2018). 

3.2.2. Stress discrimination model of tea plants 
The tea plant stress discrimination models were constructed using 

three classification algorithms (FLDA, RF, and SVM) based on the OFs- 
SD images of the detected abnormal leaf areas. The results suggested 

that the three classifiers can effectively distinguish different tea plant 
stresses (Table 6). The overall classification accuracies were 90.26%, 
90.69%, and 90.67% for FLDA, RF, and SVM, respectively. The rela
tively high classification accuracy could be related to the preliminary 
procedure for detecting abnormal leaf areas, which reduces the 
complexity of the classification. A confusion matrix was also generated, 
which only evaluated the stress discrimination (GL, SB, and AH. The 
normal pixels determined in the previous step were not included). The 
stress classification results of the three algorithms in the abnormal area 
are shown in Fig. 9. OA of SVM (98.07%), RF (96.93%), and FLDA 
(94.93%) all reached a relatively high level with slight difference. Be
sides, the precision and recall of the three classifiers for all the stresses 
were more than 91%. Although the OA of RF and SVM was slightly 
higher than that of FLDA, the simple and explainable structure of FLDA 
makes it superior in analyzing efficiency. Therefore, FLDA is recom
mended for distinguishing tea plant stresses. 

The step-by-step leaf abnormality detection and stresses discrimi
nation procedure was established based on the advanced spectral fea
tures screening technique and machine learning methods. The 
performance of the stress discrimination model is demonstrated in 
Fig. 10. The abnormality detection conducted before stress discrimina
tion simplified the spectral classification of stresses. Although most 
damaged areas were identified and classified, some imperfect recog
nized regions occurred around the petiole and leaf edge of the leaves. 
The misclassified regions could be due to the less explicit spectral 
characteristics at these positions. The success of the model could be due 
to: (1) The wavelet features generated from the CWA can provide 
adaptive capturing of subtle changes of different stresses; (2) The clus
tering generated by the k-means algorithm provides an excellent seg
mentation, producing naturally-looking edges between the normal and 
abnormal areas on the leaf; (3) The stepwise procedure can effectively 
reduce the complexity of stress discrimination, which may improve 
performance. Hyperspectral imaging can monitor plant diseases and 
pests (Yuan et al., 2019; Xie et al., 2017; Sinha et al., 2019). The dif
ferentiation of leaf diseases and pests is based on the spectral response 
caused by leaf injury symptoms. Therefore, it is necessary to analyze the 
spectral response and establish the detecting models at the leaf level. 
The leaf level findings can then be used to upscale the detecting features 
and models to the canopy level, which could be more complicated due to 
the influence from the canopy structural factors (plants morphology and 
leaf angle distributions). Therefore, the applicability of the spectral 
features and models at the canopy level should be assessed in the future 
for effective monitoring of tea garden stresses using real airborne and 
satellite images. Notably, the development of hyperspectral imaging 
technology will reduce the cost of the sensors. Besides, the cost of the 
sensors in some well-established application scenarios may further 
decrease by customizing some parameters, such as the spectral range, 

Table 6 
Accuracy of tea plant stress detection and discrimination.  

Tea plant 
stresses 

Accuracy of abnormality 
detection 

Accuracy of stress 
discrimination 

SVM FLDA RF SVM 

GL  94.29%  93.99%  94.03%  94.20% 
AH  94.32%  94.28%  94.12%  94.17% 
SB  83.97%  82.50%  83.91%  83.63% 
Average  90.86%  90.26%  90.69%  90.67% 

Note: GL, AH, and SB indicate tea green leafhopper, anthracnose and sunburn, 
respectively. 

Fig. 9. Confusion matrix of tea plant discrimination.  
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spectral resolution and lens parameters. Therefore, hyperspectral 
monitoring systems can promote the monitoring of diseases and pests 
over a large area in the future, essential for high-level breeding and 
cultivation practices of tea plants (Zhang et al., 2019b). 

4. Conclusion 

This study aimed at detecting and differentiating three tea plant 
stresses with similar symptoms, including the tea green leafhopper, 
anthracnose, and sunburn. Subsequently, a step-by-step detection and 
discrimination method of tea plant stresses was proposed and verified. 
The main conclusions of the study are as follows: (1) The abnormal area 
of tea leaves showed noticeable spectral changes under tea green 

leafhopper, anthracnose, and sunburn stress. However, the spectral 
characteristics between stresses were relatively similar. (2) The optimal 
spectral feature sets for stress detection (WFA04, WFA05, YSV, RMV, and 
Width) and discrimination (WFS01-07) were obtained via continuous 
wavelet analysis and a rigorous feature sensitivity analysis. (3) A step- 
by-step procedure combining the identified optimal spectral features, 
image clustering, and machine learning algorithms was established, 
achieving an overall discrimination accuracy of more than 90%. Besides, 
the capability of the spectral features and models in detecting and 
discriminating plant stresses at leaf and canopy levels still need be 
assessed in the future. 
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2014. Deriving leaf mass per area (LMA) from foliar reflectance across a variety of 
plant species using continuous wavelet analysis. ISPRS J. Photogram. Remote 
Sensing 87, 28–38. 

Cheng, T., Rivard, B., Sánchez-Azofeifa, G.A., Feng, J., Calvo-Polanco, M., 2010. 
Continuous wavelet analysis for the detection of green attack damage due to 
mountain pine beetle infestation. Remote Sensing Environ. 114 (4), 899–910. 

Cheng, T., Rivard, B., Sánchez-Azofeifa, A., 2011. Spectroscopic determination of leaf 
water content using continuous wavelet analysis. Remote Sensing Environ. 115 (2), 
659–670. 

Demetriades-Shah, T.H., Steven, M.D., Clark, J.A., 1990. High resolution derivative 
spectra in remote sensing. Remote Sensing Environ. 33 (1), 55–64. 

Duda, R., Hart, P., 1973. Pattern Classification and Scene Analysis. Chapter 7.5 Template 
Matching 95. 

Fang, J., Sureda, A., Silva, A.S., Khan, F., Xu, S., Nabavi, S.M., 2019. Trends of tea in 
cardiovascular health and disease: A critical review. Trends Food Sci. Technol. 88, 
385–396. 

Gnanamangai, B.M., Ponmurugan, P., 2012. Evaluation of various fungicides and 
microbial based biocontrol agents against bird’s eye spot disease of tea plants. Crop 
Protect. 32, 111–118. 

Gong, P., Pu, R., Heald, R.C., 2002. Analysis of in situ hyperspectral data for nutrient 
estimation of giant sequoia. Int. J. Remote Sensing 23 (9), 1827–1850. 

Gong, P., Pu, R.L., Yu, B., 1997. Conifer species recognition: an exploratory analysis of in 
situ hyperspectral data. Remote Sensing Environ. 62, 189–200. 

Fig. 10. Demonstration of stress discrimination on tea leaves. Note: GL, AH, 
and SB indicate tea green leafhopper, anthracnose, and sunburn, respectively. 
The right 1–3 columns show the discrimination results of the stress type 
(indicated by different colours) with different algorithms. 

X. Zhao et al.                                                                                                                                                                                                                                    

https://doi.org/10.3390/rs11111373
http://refhub.elsevier.com/S0168-1699(22)00034-5/h0010
http://refhub.elsevier.com/S0168-1699(22)00034-5/h0010
http://refhub.elsevier.com/S0168-1699(22)00034-5/h0010
http://refhub.elsevier.com/S0168-1699(22)00034-5/h0020
http://refhub.elsevier.com/S0168-1699(22)00034-5/h0020
http://refhub.elsevier.com/S0168-1699(22)00034-5/h0020
http://refhub.elsevier.com/S0168-1699(22)00034-5/h0020
http://refhub.elsevier.com/S0168-1699(22)00034-5/h0030
http://refhub.elsevier.com/S0168-1699(22)00034-5/h0030
http://refhub.elsevier.com/S0168-1699(22)00034-5/h0030
http://refhub.elsevier.com/S0168-1699(22)00034-5/h0030
http://refhub.elsevier.com/S0168-1699(22)00034-5/h0035
http://refhub.elsevier.com/S0168-1699(22)00034-5/h0035
http://refhub.elsevier.com/S0168-1699(22)00034-5/h0035
http://refhub.elsevier.com/S0168-1699(22)00034-5/h0040
http://refhub.elsevier.com/S0168-1699(22)00034-5/h0040
http://refhub.elsevier.com/S0168-1699(22)00034-5/h0040
http://refhub.elsevier.com/S0168-1699(22)00034-5/h0045
http://refhub.elsevier.com/S0168-1699(22)00034-5/h0045
http://refhub.elsevier.com/S0168-1699(22)00034-5/h0050
http://refhub.elsevier.com/S0168-1699(22)00034-5/h0050
http://refhub.elsevier.com/S0168-1699(22)00034-5/h0055
http://refhub.elsevier.com/S0168-1699(22)00034-5/h0055
http://refhub.elsevier.com/S0168-1699(22)00034-5/h0055
http://refhub.elsevier.com/S0168-1699(22)00034-5/h0060
http://refhub.elsevier.com/S0168-1699(22)00034-5/h0060
http://refhub.elsevier.com/S0168-1699(22)00034-5/h0060
http://refhub.elsevier.com/S0168-1699(22)00034-5/h0065
http://refhub.elsevier.com/S0168-1699(22)00034-5/h0065
http://refhub.elsevier.com/S0168-1699(22)00034-5/h0070
http://refhub.elsevier.com/S0168-1699(22)00034-5/h0070


Computers and Electronics in Agriculture 193 (2022) 106717

11

Han, W.Y., Xiao, Q., 2013. Causes and control suggestions of drought and heat damage in 
tea garden in summer of 2013 (in Chinese). China Tea 35 (9), 18–19. 

Hu, G., Wu, H., Zhang, Y., Wan, M., 2019. A low shot learning method for tea leaf’s 
disease identification. Comput. Electron. Agric. 163, 104852. https://doi.org/ 
10.1016/j.compag.2019.104852. 

Jago, R.A., Cutler, M.E.J., Curran, P.J., 1999. Estimating canopy chlorophyll 
concentration from field and airborne spectra. Remote Sensing Environ. 68 (3), 
217–224. 
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