
International Journal of Applied Earth Observations and Geoinformation 101 (2021) 102363

Available online 23 May 2021
0303-2434/© 2021 Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

A machine learning algorithm to detect pine wilt disease using UAV-based 
hyperspectral imagery and LiDAR data at the tree level 

Run Yu a, Youqing Luo a,b,*, Quan Zhou a, Xudong Zhang a, Dewei Wu a, Lili Ren a,b 

a Key Laboratory for Forest Pest Control, Forestry School, Beijing Forestry University, Beijing 100083, China 
b Sino-French Joint Laboratory for Invasive Forest Pests in Eurasia, Beijing Forestry University—French National Research Institute for Agriculture, Food and Environment 
(INRAE), Beijing 100083, China   

A R T I C L E  I N F O   

Keywords: 
Pine wilt disease 
Airborne hyperspectral imagery 
Airborne LiDAR 
Random forest 

A B S T R A C T   

Pine wilt disease (PWD) is a global destructive threat to forests, having caused extreme damage in China. 
Therefore, the establishment of an effective method to accurately monitor and map the infection stage by PWD is 
imperative. Unmanned aerial vehicle (UAV)-based hyperspectral imaging (HI) and light detection and ranging 
(LiDAR) technique is an effective approach for forest health monitoring. However, few previous studies have 
used airborne HI and LiDAR to detect PWD and compared the capability for predicting PWD infection stage at the 
tree level. In this paper, PWD infection was divided into five stages (green, early, middle, heavy, and grey), and 
HI and LiDAR data were integrated to detect PWD. We estimated the power of the hyperspectral method (HI data 
only), LiDAR (LiDAR data only), and their combination (HI plus LiDAR data) to predict the infection stages of 
PWD using the random forest (RF) algorithm. We obtained the following results: (1) The classification accuracies 
of HI (OA: 66.86%, Kappa: 0.57) were higher than those of LiDAR (OA: 45.56%, Kappa: 0.27) for predicting PWD 
infection stages, and their combination had the best accuracies (OA: 73.96%, Kappa: 0.66); (2) LiDAR data had 
higher ability for dead tree identification than HI data; and (3) The combined use of HI and LiDAR data for 
estimation of PWD infection stages showed that LiDAR metrics (e.g., crown volume) were essential in the 
classification model, although the variables derived from HI data contributed more than those extracted from 
LiDAR. Therefore, we proposed a new approach combining the merits of HI and LiDAR data to precisely predict 
PWD infection stages at the tree level, allowing better PWD monitoring and control. The approach could also be 
employed for mapping and monitoring other forest disturbance issues.   

1. Introduction 

PWD is caused by the pine wood nematode (PWN, Bursaphelenchus 
xylophilus) and is spread through the insect vector pine sawyer beetle 
(Monochamus spp.). PWD originated in North America (Ikegami and 
Jenkins, 2018) but is currently widely distributed around the world, 
especially in East Asia (Ichihara et al., 2000; Mota et al., 1999; Ye, 
2019). Since its first appearance in 1982 in Nanjing, China, PWD has 
been the most devastating pine disease in China (Sun et al., 2021; Ye 
2019). Most pine trees infected by PWD die within three months (Shin, 
2008; Kim et al., 2018). Currently, PWD management countermeasures 
are mostly based on the control of dead trees after the onset of an 
outbreak by fumigation, burning, and tree-felling operations (Kim et al., 
2018; Shin, 2008; Syifa et al., 2020). Therefore, the development of a 
more effective method to monitor and control the spread of PWD, such 

as remote sensing detection, is imperative. 
Remote sensing is considered a potential approach to detect forest 

pest and diseases (Franklin et al., 2003; Hicke et al., 2009; Kim et al., 
2018; Lin et al., 2019; White et al., 2005). However, certain limitations 
exist in the detection of forest disturbance by ground and satellite 
remote sensing. First, forests are large communities, which hampers the 
feasibility of ground remote sensing. Second, it is difficult to capture 
minor detail alterations by satellite remote sensing (Cheng et al., 2010), 
particularly at the individual tree level. Conversely, unmanned aerial 
vehicle (UAV) remote sensing is efficient and flexible, and the device can 
be equipped with high-resolution remote sensing sensors (Tang et al., 
2015). 

Many studies have explored the potential of drone remote sensing for 
PWD detection. Syifa et al. (2020) successfully differentiated healthy 
pine trees from those with PWD by drone remote sensing using artificial 
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neural network (ANN) and support vector machine (SVM). Tao et al. 
(2020) utilized unmanned aerial images to compare the accuracy of 
convolutional neural networks (CNNs) and the traditional template 
matching (TM) method for the detection of dead pine trees. These 
studies have been mostly focused on distinguishing dead trees from 
healthy ones, but each infection stage has not been well identified. 

One of the key strategies for effective control of PWD is to identify it 
in early stage. Recent studies on PWD have investigated mainly hyper-
spectral remote sensing (HRS), because these data have strong ability for 
monitoring of minor anomalies in the target spectral features (Näsi et al., 
2015). Extensive researches have been conducted on the use of ground- 
based HRS for PWD detection (Kim et al., 2018; Zhang et al., 2020), but 
the application of UAV-based HRS has been scarcely examined. In 
addition, the methods of previous investigations for infection stage 
categorization were relatively simple. Therefore, a more detailed and 
precise classification standard should be developed. 

LiDAR can accurately collect three-dimensional information of ob-
jects (Lefsky et al., 2002; Liu et al., 2017; Vierling et al., 2008). With the 
rapid development of sensors and drone systems, the potential of LiDAR 
for forest health monitoring has been considerably augmented (Meng 
et al., 2018; Shendryk et al., 2016). Lin et al. (2019) combined LiDAR 
and hyperspectral data, achieving higher accuracies than two datasets 
were solely used in detecting the pine shoot beetle. Specifically, when 
we used HI data alone, it was difficult to precisely segment tree crowns, 
and the shadow and overlaps of tree crowns caused spectral confusion 
(Huang et al., 2013). LiDAR can overcome these problems by obtaining 
the structural features of trees; the variables derived from LiDAR data 
can also be used for the detection of forest pest (Lin et al., 2019). 
However, a combination of HI and LiDAR has not been applied in 
monitoring PWD. 

Therefore, our major objectives can be summarized as the follows: 
(1) Examining the most sensitive spectral variables and LiDAR metrics 
for detecting the tree infection stages of PWD. (2) To compare the ca-
pabilities of HI and LiDAR data for predicting the infection stages of 
PWD. (3) Exploring the potential of the combination of HI and LiDAR 
datasets for an improvement in the accuracy. 

2. Materials and methods 

2.1. Study area and field measurements 

The northeastern area of Yiwu City (29◦24′45′′-29◦25′59′′N, 
120◦09′40′′-120◦10′38′′E), Zhejiang Province of China, was selected as a 
study site. The average annual precipitation is approximately 
1100–1600 mm, and the mean annual air temperature ranges from 15 ◦C 
to 23 ◦C. 

The total forested area of Yiwu City is approximately 5.57 × 104 ha. 
The forest species are dominated by Pinus massoniana, which accounts 
for > 40%; broadleaf tree species are mainly represented by Schima 
superba, Ulmus parvifolia, Melia azedarach, and Quercus acutissima. 

We conducted field measurements in October 2020. Two 50 m × 50 
m plots were established in the study site (Fig. 1). The coordinates of the 
boundary, and the location of each tree were recorded using a handheld 
Differential Global Positioning System (DGPS, Version S760) with a sub- 
meter accuracy. 

In each plot, tree height (H), diameter at breast height (DBH), crown 
base height (CBH), and crown diameter (CD) were measured (Table 1). 
We also recorded the tree’s species and the infection stage of the pine 
trees. 

Simultaneously, a total of 38 pine trees (19 from each plot) were 
randomly sampled, and all the trees were confirmed to be infected with 
PWD using the Behrman funnel method, morphological and molecular 
identification (Wu et al., 2021). 

Fig. 1. Locations of the study and UAV flight areas. The yellow rectangles represent two sampled plot locations, and the red rectangle represents hyperspectral and 
LiDAR flight area. 

Table 1 
Growth situation of two sampled plots (tree numbers = 278). H: Tree height; 
DBH: Diameter at breast height; CBH: Crown base height; CD: Crown diameter.   

Mean Standard deviation Maximum Minimum Range 

H (m) 12.65 3.74 21.60 4.00 17.60 
DBH (cm) 20.86 6.47 34.60 4.20 30.40 
CBH (m) 3.73 1.10 5.08 0.88 4.20 
CD (m) 3.68 1.89 10.70 2.00 8.70  

R. Yu et al.                                                                                                                                                                                                                                       



International Journal of Applied Earth Observations and Geoinformation 101 (2021) 102363

3

2.2. Infection stage categorization of pine trees 

In this study, we combined needle, ground tree, and UAV images to 
classify the PWD infection into five stages: (1) Green pines; (2) Early 
stage; (3) Middle stage; (4) Heavy stage; and (5) Grey stage (Fig. 2). We 
defined the infection stages by resin secretion, growth vigor, and color of 
the needles (Santos et al., 2012; Xu et al., 2011; Table 2). 

2.3. Remote sensing data acquisition and preprocessing 

2.3.1. UAV-based hyperspectral imagery 
HI data was collected employing the Pika L hyperspectral camera 

(Resonon, USA) and DJI Matrice 600 UAV (DJI, Shenzhen, China). We 
mounted both the hyperspectral camera and the LiDAR on the UAV and 
obtained the spectral and LiDAR data at the same flight campaign. The 
overall UAV-based system is presented in Fig. 3. 

HI data acquisition was implemented for 30 min (12:10–12:40 PM) 
on 23 October 2020. The flight height was 70 m, and the front and side 
overlaps were 55%. The field of view angle is 17.6◦, and the focal length 
is 17 mm. 281 spectral channels from visible to near infrared regions 
(400–1000 nm) were included in the HI. Reflectance correction and 
radiometric calibration were conducted using a 3-m2 carpet reference 
and the Spectronon software (Resonon Inc., Bozeman, MT, USA). Image 
geometric corrections were carried out by utilizing eight ground control 
points (GCPs). The GCPs’ positions were recorded by a DGPS device with 
sub-meter accuracy. 

2.3.2. Tree crown segmentation from HI 
We implemented the tree crown segmentation from HI using the 

following method. Initially, we used the object-based segmentation 
method combining texture and spectral properties and separated the 
tree crowns from the shadows and the soil background. Then, the 
overlapping tree crowns were separated using the binary watershed 
analysis and Euclidian distance (Zarco et al., 2019). The individual tree 
detection rate (ITDR) was utilized to calculate the segmentation accu-
racy (Lin et al., 2019; Vastaranta et al., 2012). Finally, we abandoned 
the shadow components and overlapping crowns that were not sepa-
rated. As a result, 95 trees were separated and the ITDR was 40%. 

Fig. 2. Images of needles, ground trees, and unmanned aerial vehicle (UAV) images of pine trees at different PWD infection stages.  

Table 2 
Standard stages of pine wilt disease.  

Characterization parameter Stage of disease 

Green pines Early stage Middle stage Heavy stage Grey stage 

Color of needles; Growth 
vigor; Resin secretion 

Trees grow vigorously; dark 
green needles; resin secretes 
normally 

Needles begin to turn yellow; resin 
secretion decreases; growth slows 
down 

Needles turn yellow brown 
and wilt; growth is obviously 
weak 

Needles are all reddish 
brown, but do not fall 
off 

All leaves 
fall off  

Fig. 3. The UAV-based system with LR1601-IRIS LiDAR and Pika L imaging 
spectrometer. 
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2.3.3. LiDAR data acquired 
LiDAR data were acquired at the same time, using the LR1601-IRIS 

UAV-mounted system (IRIS Inc., China). The pulse repetition fre-
quency is 5–20 Hz, laser wavelength is 905 nm, returns per pulse is 2, 
and lidar intensity values were not calibrated. The point-density was 
from the range of 200 to 800 points per m2. We georeferenced the LiDAR 
data in the Universal Transverse Mercator (UTM) 51 N and took the 
WGS1984 datum as coordinate system. Ground and above-ground 
points were classified from the raw LiDAR data, which was performed 
in the LiDAR360 software (version 3.0, GreenValley International, 
China). 

2.3.4. Individual tree segmentation from LiDAR data 
A point-cloud segmentation algorithm (Li et al., 2012) by the 

LiDAR360 software was used to separate tree crowns. The tree locations, 
tree heights, crown diameters, and crown areas could be evaluated 
based on the point-cloud of each tree. Finally, 177 trees were separated 
and the ITDR was 75%. 

2.3.5. Tree crown delineation 
Based on the segmentation results of HI and Lidar, we delineated 

manually the trees missed and delineated incorrectly (Fig. 4). Finally, 
235 trees were extracted: green pines: 51; early stage: 50; middle stage: 
22; heavy stage: 22; grey stage: 24; and broadleaf trees: 66. Dis-
tinguishing coniferous and broad-leaved trees can better determine the 
distribution and spread of infected pine trees in mixed forest. Therefore, 
all the broadleaf trees were used as training data to distinguish conif-
erous and broadleaved trees (using lidar), and broadleaved trees were 
also included in the final tree mapping results. All the pine trees were 
employed for the PWD infection stage classification model construction. 

2.4. HI and lidar feature extraction 

The overall workflow of our experiment is illustrated in Fig. 5. The HI 
data dimensionality for each crown was reduced using a principal 
component analysis (PCA). Next, the first two PCs with the cumulative 
proportion of 0.97 were extracted. The mean reflectance of each crown 

Fig. 4. (a) Original hyperspectral imaging (HI); (b) and (c) the result of crown segmentation based on HI and LiDAR, respectively. The black circles represent correct 
segmentation; the dashes and solid red circles indicate missing and redundant crowns, correspondingly. 

Fig. 5. The general workflow of our experiment.  
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was treated as the spectrum of each individual tree, and then these 
spectra were applied to calculate a group of hyperspectral indices from 
400 to 1000 nm refer to former study results (Table 3). Simultaneously, 
based on the findings of previous studies (Lin et al., 2016; Lin et al., 
2019; Liu et al., 2017; Shi et al., 2018), a group of Lidar variables were 
extracted (Table 4). 

2.5. Feature selection and classification model building 

A random forest (RF) classifier (Breiman, 2001) was applied to build 
the classification model. Based on the discrimination ability of the 
predictor variables between the target classes, the RF classifier can sort 
and rank the predictor variables (Belgiu et al., 2016). In the RF algo-
rithm, the variable importance is a criterion of how much the “out-of- 
bag” (OOB) error of estimate increases when a single variable is 
excluded from the data (Liu et al., 2017). The mean decrease accuracy 
(MDA) of each variable is derived by calculating the OOB error: a higher 
MDA value indicates that a variable is more important (Immitzer et al., 
2012). We evaluated the multicollinearity among all the variables, and 
then eliminated the variables with Pearson’s R > 0.80. Finally, 12 
hyperspectral features and 18 LiDAR metrics were selected for model 
development (Tables 3 and 4). 

We employed a 10-fold cross-validation method to assess the model 
accuracy (Waske et al., 2009). The classification process was conducted 
in the R package “randomForest”. The classification accuracy was 
evaluated using the producer’s accuracy (PA), user’s accuracy (UA), 
overall accuracy (OA), and the Kappa coefficient derived from confusion 
matrices (Congalton, 1991; Stehman, 1996). 

3. Results 

3.1. Feature selection of PWD 

The average reflectance curves of green pines and four stages of 
infected pines within 400–900 nm is depicted in Fig. 6. Of the green 
pines and four stages of infected pines, the difference of spectral 
reflectance was most obvious in the green peak (500–600 nm), red edge 

Table 3 
List of hyperspectral variables.  

Variables Description Formula Reference 

R750 Reflectance at 750 (NIR shoulder)  (Haboudane et al., 2004) 
Ro The minimum reflectance in the wavelength range of 640–680 nm   
Kg Kurtosis of reflectance in the wavelength range of 510–560 nm   
Range (690, 740) The reflectance range between 690 nm and 740 nm RANGE = MAX(R690:R740)-MIN(R690:R740) (Merton, 1999) 
NDVI Normalized Difference Vegetation Index NDVI= (R800-R670)/(R800 + R670) (Rouse et al., 1974) 
NDVI(810,450) Normalized Difference Vegetation Index NDVI(810,450)= (R810-R450)/(R810 + R450) (Richardson et al., 1977) 
NDVI(560,680) Normalized Difference Vegetation Index NDVI(560,680)= (R560-R680)/(R560-R680) (Richardson et al., 1977) 
C1 Chlorophyll Index (C1) C1= (R850-R710)/(R850 + R680) (Datt, 1999) 
PRI Photochemical reflectance index PRI= (R531-R570)/(R531 + R570) (Gamon et al., 1995) 
ACI1 Anthocyanin content index ACI1 = SUM(R600:R700)/SUM(R500:R600) (Gamon and Surfus, 1999) 
ACI2 Anthocyanin content index ACI2 = R650/R550 (Gamon and Surfus, 1999) 
PSSR1 Pigment specific simple ratio PSSR1 = R800/R680 (Blackburn, 1998) 

Ri: Reflectance at the i wavelength. 

Table 4 
List of lidar metrics.  

Variables Definition 

TH Tree height 
CA Crown area 
V Crown volume 
CL/TH Crown length / tree height 
CL/CDM Crown length / crown diameter 
CD Crown density 
GF Gap fraction 
V/(CA*CL) Crown volume / (crown area * crown height) 
Int_SD Standard deviation of crown return intensity 
Int_CV Coefficient of variation of crown return intensity 
Int_kurtosis Kurtosis of crown return intensity 
Int_skewness Skewness of crown return intensity 
Int_P25 25th percentile of crown return intensity 
Int_IQ Interquartile range of return intensity 
Height_P25/ 

TH 
25th height percentile of crown return points / Tree height 

Height_P50/ 
TH 

50th height percentile of crown return points / Tree height 

Height_IQ/TH Interquartile range of height percentile of crown return points / 
Tree height 

Int_C25 25th cumulative percentile of crown return intensity  

Fig. 6. Mean reflectance values of different PWD stages in the green, red edge, and NIR bands.  
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(680–760 nm), and NIR (750–900 nm). 
The response of ten hyperspectral variables and LiDAR metrics to 

PWD infection stage was illustrated in Fig. 7. The hyperspectral features, 
such as NDVI (560,680) and PRI, decreased with the increase in the PWD 
infection stage. Nearly all LiDAR metrics data manifested a minor 
alteration for the green pine trees to heavy infection stage of PWD. 
Nevertheless, grey-stage pine trees had significantly different LiDAR 
metrics parameter data from other tree infection stages, especially their 
V (volume) and CA (crown area). 

3.2. Classification of PWD infection stages 

Classification accuracy of PWD infection stages using three ap-
proaches were compared in Table 5. The classification by the use of only 
hyperspectral variables showed higher accuracy than that by the 
adoption of LiDAR metrics alone; however, the combined approach 
provided the best accuracy (OA%: 73.96%, Kappa: 0.66). Meanwhile, 
from green pine trees to the heavy PWD infection stage, the accuracy of 
each stage through hyperspectral data only performed better than 
through LiDAR metrics alone. However, the identification of the grey- 
stage trees using only LiDAR data showed higher accuracies than only 
hyperspectral data used. 

The confusion matrices was illustrated in Fig. 8. Producer’s accu-
racies ranged from 40.00% (early stage) to 86.36% (heavy stage) when 
only hyperspectral variables were used. That range was from 18.18% 
(heavy stage) to 100.00 (grey stage) when only LiDAR metrics data were 
utilized, and from 50.00% (early stage) to 100.00% (grey stage) when 
both LiDAR and hyperspectral data were employed. 

The classification accuracies in most stages increased when the 
combined approach was used. In all the three datasets, the grey stage 
showed the highest PA and UA, which were all > 80.00%. However, the 
accuracies for the stages from green pine trees to heavy-stage trees were 

low when the LiDAR dataset alone was adopted. Meanwhile, the accu-
racies in green pine trees and early-stage trees were lower than those of 
other stages. 

The variable importance ranking of the 30 variables of the RF clas-
sification using MDA is depicted in Fig. 9. The hyperspectral variables 
show more contribution to the infection stage classification than the 
LiDAR metrics. Therefore, we established that the six most important 
indices were hyperspectral variables, and 12 hyperspectral indices were 
among the top 20 of all parameters studied. In brief, NDVI (810, 450) 
and crown volume were the most important variables of the 

Fig. 7. Comparison of different PWD infection stages of ten variables based on hyperspectral and LiDAR features.  

Table 5 
Classification results of green pine trees and four infection stages using the three 
sets of variables.  

Dataset Green pines Early stage Middle stage 

PA (%) UA (%) PA (%) UA (%) PA (%) UA (%) 

Lidar + HI 74.51 62.30 50.00 64.10 81.82 81.82 
LIDAR 58.82 38.46 28.00 35.00 22.73 27.78 
HI 70.59 58.06 40.00 57.14 81.82 66.67   

Heavy stage Grey stage All stages 

PA (%) UA (%) PA (%) UA (%) OA (%) Kappa 

Lidar + HI 90.91 90.91 100.00 96.00 73.96 0.66 
LIDAR 18.18 44.44 100.00 100.00 45.56 0.27 
HI 86.36 82.61 83.33 90.91 66.86 0.57  

Fig. 8. Confusion matrices for the five PWD infection stages applying the three 
approaches based on RF classification. 
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hyperspectral and LiDAR data, respectively. 

3.3. Tree mapping at different PWD infection stages 

Lidar showed a great performance in distinguishing coniferous and 
broad-leaved trees in our study (OA: 100%, Kappa: 1.00). And the 
mapping results of each tree (includes broad-leaved trees) are depicted 
in Fig. 10. We used the trained RF classification model combining 
hyperspectral variables and LiDAR metrics to map the tree infection 
stages. Meanwhile, the location of the trees and their crown diameters 
were mapped employing the LiDAR data. 

4. Discussion 

In this study, hyperspectral imagery and LiDAR point-cloud were 
used to segment tree crowns and obtained segmentation results with 
ITDR of 40% and 75%, respectively. Understandably, it was difficult to 
use HI data to identify tree crowns because of the crown overlaps and the 
understory influence. For better HI and LiDAR feature extraction of in-
dividual tree crowns, we modified the automatic segmentation results 
by manual drawing. On the one hand, it is not feasible on a large scale. 
On the other hand, the ITDR of LiDAR data were relatively high (75%), 
thus LiDAR data could be used to separate tree crowns, and the results 
obtained were subjected to subsequent analysis for a large-scale forest 
health determination at the tree level. 

The classification accuracies of the infection stages obtained by HI 
data were greater than those achieved by LiDAR data. It is under-
standable because there were 281 channels in the hyperspectral images, 
some of which were very sensitive to the physiological conditions of the 
canopy. In contrast, LiDAR had only one near-infrared band. Hence, it 
was difficult to distinguish tree crowns of different infection stages using 
only LiDAR. Additionally, our results indicated that using LiDAR metrics 
alone was unable to effectively distinguish the infection stage from 
green trees to heavy-stage trees (Table 5 and Fig. 8). It is understandable 
that LiDAR data were not fully applicable to precisely estimate the 
biochemical condition of trees (Liu et al., 2017; Shendryk et al., 2016; 
Shi et al., 2018). Nevertheless, LiDAR data can be employed to obtain 
accurate structural information, such as tree height and crown diameter, 
and achieve segmentation of individual tree crowns (Shendryk et al., 
2016). In addition, the classification accuracies were improved by the 
addition of LiDAR data (Table 5 and Fig. 8). 

Our results showed that the distinction of early-stage infected trees 
from green trees had lower accuracies, regardless of whether HI and 
LiDAR data were used alone or combined (Fig. 8). This is because there 
is no significant difference in spectral response of biochemical charac-
teristics between green and early-stage infected trees. Therefore, it is 
still a challenging issue to employ HI and LiDAR data to precisely 
distinguish between trees at the early stage of PWD and green trees. 

Moreover, in our study, the crown volume and area played an 
important role for the distinction of trees of different infection stages, 
ranking 8th and 10th of all the 30 variables (Fig. 9). The reason could be 
that the needles of pine trees lose water and wilt after PWD infection, 
which could lead to the reduction of their crown volume and area. 
Moreover, LiDAR data were used to effectively detect grey-stage trees 
(Table 5 and Fig. 8). The automatic and accurate detection of dead trees 
is vital to understanding the degree of the spread of pest outbreaks and 
to the establishment of integrated pest management systems (Stereńczak 
et al., 2019; Wermelinger, 2004; Zhang et al., 2018). 

Fig. 9. The mean decrease accuracy (MDA) of 12 hyperspectral features (red 
dots) and 18 lidar metrics (blue dots) for PWD infection stages prediction. 

Fig. 10. Tree crown PWD infection stage mapping combining the HI and LiDAR data in the UAV flight area.  
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Different from other defoliating diseases, PWD is systemic and does 
not cause needle defoliation (Mota et al., 2009). The structural infor-
mation of trees infected by PWD was not significantly altered, and, 
theoretically, it was difficult to detect PWD using only LiDAR data, 
especially by UAV-based LiDAR. However, when we minimized the scale 
to the range of pine needles, it became obvious that they gradually 
wilted with the increase in the disease degree; the leaf angle distribution 
could also be changed (Fig. 11), which could potentially be detected by 
ground-based LiDAR used for detection of alterations in the strength of 
the intensity response (Junttila et al., 2019). In addition, terrestrial laser 
scanning is also possible to be employed to observe for any changes in 
leaf angle distribution (Li et al., 2018; Li et al., 2020; Itakura and Hosoi, 
2019), which will be applied in our next study. 

Furthermore, an uncalibrated NIR lidar was used in this study, which 
may be the reason for the poor performance of intensity variables in 
classifying the PWD infection stages. Some researchers found that cali-
brated or range corrected SWIR lidar performed well in monitoring and 
mapping forest health (Goodbody et al., 2020; Shendryk et al., 2016). 
Therefore, in the similar study of PWD infection stage classification, it 
can also be regarded as a promising and effective method. In our next 
study, a calibrated SWIR lidar will be employed to classify each stage of 
PWD infection. 

5. Conclusion 

In this paper, we examined the potential for estimating the tree stage 
of PWD infection applying airborne hyperspectral and LiDAR data 
(uncalibrated) at the tree level. We found that a combination of HI and 
LiDAR datasets increased the accuracy of the classification of five stages 
from 66.86% (only HI) and 45.56% (only LIDAR) to 73.96%. The pre-
sented LiDAR variables (crown volume and crown area) are essential to 
the implementation of this novel classification model. The UAV-based 
system combining hyperspectral and LiDAR sensors possesses powerful 
potential for early-stage PWD detection to prevent PWD spread before 
an outbreak has occurred. We expect that the accuracy established here 
can be further improved by using a new algorithm and a calibrated SWIR 

lidar in the future. 
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