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Abstract: Bursaphelenchus xylophilus, the pine wood nematode (PWN) which causes pine wilt disease,

is currently a serious problem in East Asia, including in Japan, Korea, and China. This paper

investigates the hyperspectral analysis of pine wilt disease to determine the optimal detection indices

for measuring changes in the spectral reflectance characteristics and leaf reflectance in the Pinus

thunbergii (black pine) forest on Geoje Island, South Korea. In the present study, we collected the

leaf reflectance spectra of pine trees infected with pine wilt disease using a hyperspectrometer.

We used 10 existing vegetation indices (based on hyperspectral data) and introduced the green-red

spectral area index (GRSAI). We made comparisons between non-infected and infected trees over

time. A t-test was then performed to find the most appropriate index for detecting pine wilt

disease-infected pine trees. Our main result is that, in most of the infected trees, the reflectance

changed in the red and mid-infrared wavelengths within two months after pine wilt infection.

The vegetation atmospherically resistant index (VARI), vegetation index green (VIgreen), normalized

wilt index (NWI), and GRSAI indices detected pine wilt disease infection faster than the other

indices used. Importantly, the GRSAI results showed less variability than the results of the other

indices. This optimal index for detecting pine wilt disease is generated by combining red and

green wavelength bands. These results are expected to be useful in the early detection of pine wilt

disease-infected trees.

Keywords: pine wilt disease; spectrometer; vegetation index; remote sensing pine wood nematode;

GRSAI

1. Introduction

Pine wilt disease, caused by Bursaphelenchus xylophilus, the pine wood nematode (PWN), is one of

the most damaging emerging pest problems in forests around the world [1–5]. Since PWN is highly

pathogenic, 80% of infested red pine trees die in the first year and the remaining 20% die in the second

year; red pine mortality thus quickly reaches 100%. For white pine, the mortality rate is somewhat

lower [6,7]. Infected trees are difficult to detect and treat since most of them die three months after

infection [8,9]. Fumigation, burning, and felling after cutting are the only options currently available for
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controlling the spread of pine wilt disease [7,10]; thus, early detection of infected trees is of paramount

concern [11]. Controlling the spread of the disease involves early detection of infected trees based

on frequent monitoring, exterminating PWN before its emergence to keep the disease contained, and

taking preventative measures such as prohibiting the removal of wood from affected areas. However,

finding infected trees through a field study is not easy, since the areas thought to be damaged are

quite large and the topographical characteristics of forests makes direct access to all necessary areas

difficult [9,11].

To overcome such practical problems, the measurement and monitoring of the areas affected by

pine wilt disease is carried out using remote sensing. The leaves of pine trees infected with PWN

undergo discoloration during the process of withering [6,9,10,12]. Jo et al. [13] and Kim et al. [6]

estimated the pine wilt-affected areas using Landsat TM images and the Geographic Information

System (GIS). In South Korea, research using high-resolution satellite imagery and spatial statistics has

been performed to predict the path of infection [8,12]. However, pine wilt disease can be spread not

only by its primary vector, the beetle Monochamus alternatus, but also by anthropogenic factors such as

transporting cut pine trees and even mountain climbing [14], which makes it difficult to predict the

spread of infection into new areas.

As a way to solve this problem, research on early detection methods was performed through

monthly monitoring using vegetation indices (VIs). VIs are derived from radiometric data and are

primarily used to indicate the amount of green vegetation present in an image or scene [15]. Many

VIs have been developed over the past three decades to provide more sensitive measurements of

plant biophysical parameters and to reduce external noise interference such as that related to the

soil and atmosphere. PWN-infected trees show a decrease in the normalized difference vegetation

index (NDVI) that is accompanied by changes in spectral reflectance [11,16]. Thus, the presence of

pest-infected trees can be discovered using VIs calculated with data from satellite images and aerial

photographs [9]. Kim et al. [10] developed the Detection Index (DI) using the NDVI measured with a

portable near-infrared camera to detect PWN-infected trees in early disease stages.

PWN kills pine trees by disrupting the movement of water [17]. With increasing parasite

density, the water content of current-year branches and leaves decreases, causing a decrease

in photosynthesis [18,19]. Accordingly, previous studies used multispectral images to estimate

photosynthesis levels. However, since there are only three bands in the visible spectrum, using only

visible light limits studies to the blue and red wavelengths involved in photosynthesis. Predictions

using such a narrow wavelength range also contain measurement errors. Technological advancements

and the advent of hyperspectral sensors with high spectral resolutions have raised new possibilities

for spectral discrimination of leaf conditions. One result is that some VIs have been developed

based on hyperspectral data, enabling researchers to discriminate between healthy and diseased leaf

conditions based on green leaf reflectance [20,21]. Structural properties include fractional cover, green

leaf biomass, leaf area index (LAI), sensed biomass, and Fraction of Absorbed Photosynthetically

Active Radiation (FPAR) [22–24]. Biochemical properties include the relative concentrations of water,

pigments (chlorophyll, carotenoids and anthocyanins), other nitrogen-rich compounds, and plant

structural materials (lignin and cellulose) [25–30].

As previously stated, although many studies on leaf physiology have been conducted, a vegetation

index best suited to the early detection of trees damaged by pests such as PWN has not been identified.

The main purpose of this paper is to investigate the hyperspectral analysis of pine wilt disease-infected

trees to determine the optimal detection indices via changes in spectral reflectance characteristics and

leaf reflectance.
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2. Data and Methods

2.1. Study Area

Study sites were located on Geoje Island, Gyeongsamgnam Province, South Korea (34◦54′32.06′′ N

by 128◦38′43.57′′ E). Except for some areas of granite, Goeje Island is mostly composed of geological

features from the Sinlan Series. It has a temperate oceanic climate and a moderate temperature

difference between winter and summer, with an annual temperature range of 23.0 ◦C. The average

yearly temperature is 14.2 ◦C, and the mean annual precipitation (1981–2000) is 2007.3 mm. During

spring (March to May), fog often causes reduced visibility, while during summer (June to August),

localized heavy rainfalls occur frequently. In autumn (September to November), clear days are

maintained by the effects of a migratory anticyclone. The first frost of the season occurs at the

beginning of November, and the winter (December to February) is warm compared to that in other

areas on the Korean peninsula (Korea Meteorological Administration).

2.2. Target Tress and PWN Injection

We selected 10 trees (Pinus thunbergii) and divided them into two groups. The first group

consisted of seven trees injected with PWN; the other group was made up of three non-injected trees.

The injected trees were labeled T1–T5 (Tree 1–Tree 5), T9 and T10. The non-injected trees were labeled

T6–T8 (Figure 1).

 

Figure 1. Pine wood nematode (PWN)-injected trees (T1–T5, T9 and T10) and non-injected trees (T6–T8).

PWN was obtained from the Southern Forest Resources Research Center; it had been gathered

from infected pine trees in Jinju City, Gyeongsangnam Province. It was fragmented and separated

using the Baermann funnel method [31]. Botrytis cinerea Pers bacteria incubated in potato dextrose agar

(PDA) were smeared with 100 µL of pine wilt suspension and were then allowed to proliferate for

10 days at 24 ± 2 ◦C.

PWN was injected into the stems and branches of trees T1–T5, T9 and T10. To inject PWN (step 1),

a 1.0 × 0.5 cm scar was made with a drill, (step 2) pasteurized cotton was applied to the site, (step 3)

10,000/50 µL of PWN suspension was injected using a micropipette, and (step 4), to prevent secondary

infection and water loss, stems were wrapped with aluminum foil.
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The beetle Monochamus alternatus, a primary vector of PWN in South Korea, starts to emerge

around the middle of May every year. The population peaks in the middle of June, and it subsides by

early or late July depending on the year [12]. Therefore, in this study, PWN was injected twice, on June

15 and again on July 26.

2.3. Measurement of Leaf Reflectance

A GER-3700 (Geophysical and Environmental Research Corporation, Buffalo, New York, NY,

USA) spectrometer was used to measure the reflectance spectra of the target trees. The wavelengths

sampled ranged from 325 nm to 2500 nm, with sampling intervals of 1.5 nm between 325 nm and

1050 nm, 6.2 nm between 1050 nm and 1900 nm, and 9.5 nm from 1900 nm to 2500 nm.

Leaf reflectance measurements were taken five times at high and middle points on each tree

to minimize measurement error; measuring the lower layer could have resulted in greater errors

associated with the sun incidence angle. Recordings were always taken between 12 p.m. and 3 p.m.,

in a sequential order (from T1 to T10). We measured spectral reflectance regularly until the injected

trees withered (mid-June to early October).

We used the spectral reflectance of a 99% white panel (Spectralon) as a reference for total

reflectance. Spectral information was acquired by measuring the target trees in numerical order.

We always collected one reference scan of the Spectralon for every target scan, and the reference

and target scans were taken as close together in time as possible in order to minimize the effects

of atmospheric changes on spectral measurements. Data taken outdoors in natural light using the

GER-3700 spectrometer are strongly influenced by weather conditions. In particular, the mid-infrared

wavelength region generates much noise when data are taken in humid, cloudy, or windy conditions

because of high atmospheric moisture [32]. Therefore, in this study, after removing the noise, reflectance

was interpolated using the cubic spline interpolation method.

2.4. Vegetation Indices Calculation

This study attempted to find a way to detect infected trees early by using vegetation indices (VIs).

We used 10 existing VIs (Table 1) and a new index (Green-Red Spectral Area Index; GRSAI) that we

developed. The 10 existing VIs included those typically used for assessment of vegetation vitality

along with the normalized wilt index (NWI) that has been used to detect disease in other tree species.

We recorded differences in infected and non-infected trees over time.

Existing indices are calculated using a particular spectral reflectance point. However, certain

point values may be undervalued or overvalued according to the environment measured, leading to

errors in the calculated indices. To address such problems, unlike other studies, which used spectral

reflectance values obtained from a single site [9,10,33–38], in this study, the concept of area [39] was

applied to suggest a new index to detect pine wilt disease.

Table 1. Vegetation indices calculated from multispectral and hyperspectral data.

Vegetation Index Equation Reference

Normalized difference vegetation index (NDVI) NDVI = (RNIR−Rred)
(RNIR+Rred)

Rouse et al. [33]

Green normalized difference vegetation index (GNDVI) GNDVI =
(RNIR−Rgreen)
(RNIR+Rgreen)

Gitelson et al. [40]

Normalized difference water index (NDWI) NDWI = (R864−R1245)
(R864+R1245)

Gao [36]

Vegetation index green (VIgreen) VIgreen =
(Rgreen−Rred)
(Rgreen+Rred)

Giltelson et al. [34]

Plant senescing reflectance index (PSRI) PSRI = (R680−R500)
(R750)

Merzlyak et al. [41]

Simple ratio pigment index (SRPI) SRPI = (R430)
(R680)

Peñuelas et al. [35]

Vegetation atmospherically resistant index (VARI) VARI =
(Rgreen−Rred)

(Rgreen+Rred−Rblue)
Gitelson et al. [34]

Pigment-specific normalized difference (PSND) PSND = (R800−R680)
(R800+R680)

Chappelle et al. [42]

Red edge position (REP)
Rre =

(R670+R780)
2 ,

REP = 700 + 40 ×
(Rre−R700)
(R740+R700)

Guyot & Baret [43]

Normalized wilt index (NWI)
NWI = −NDGI × (NDVI + NDGI)
NDGI = (Rred − Rgreen)/(Rred + Rgreen)

Uto et al. [44]
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Since the difference between the inflection point of green light and the inflection point of red light

varies depending on the degree of infection, we used the ratio of the two to determine the reflectance

characteristics of pine wilt disease-infected and non-infected trees. In Figure 2, line (a) shows the

spectral reflectance pattern of a healthy tree and line (b) shows the spectral reflectance pattern of a

dead tree. As the tree withers, the reflectance tends to change from (a) to (b). If a reflectance value

between 550 nm and 670 nm is assumed to be equal, the ratio of the area is 1. Values close to 0 imply

healthy vegetation, whereas values close to or larger than 1 imply a withering of vegetation.

𝑃𝑃𝑃𝑃𝑁𝑁𝑁𝑁 𝑅𝑅800 − 𝑅𝑅680𝑅𝑅800 𝑅𝑅680𝑅𝑅𝑟𝑟𝑟𝑟 𝑅𝑅670 𝑅𝑅780
𝑅𝑅𝑅𝑅𝑃𝑃 𝑅𝑅𝑟𝑟𝑟𝑟 − 𝑅𝑅700𝑅𝑅740 𝑅𝑅700𝑁𝑁𝑁𝑁𝑁𝑁 −𝑁𝑁𝑁𝑁𝐺𝐺𝑁𝑁 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 𝑁𝑁𝑁𝑁𝐺𝐺𝑁𝑁

−

𝐺𝐺𝑅𝑅𝑃𝑃𝑉𝑉𝑁𝑁 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝑇𝑇𝑉𝑉𝑉𝑉𝑇𝑇𝑥𝑥550
𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝑇𝑇𝑉𝑉𝑉𝑉𝑇𝑇 � 𝑥𝑥𝑘𝑘+1 − 𝑥𝑥𝑘𝑘−1 𝑓𝑓 𝑥𝑥𝑘𝑘)

670
𝑘𝑘=550

− −

− − −

Figure 2. Reflectance variation between healthy (a) and wilting (b) vegetation.

The Green-Red Spectral Area Index (GRSAI) is based on an area of reflectance from 550 nm to

670 nm. The inflection point of red and green may vary by species, but for Pinus thunbergii, 550 nm

is the point of maximal inflection of green light, and 670 nm is the point of maximal inflection of red

light. A more stable value than that obtained using other methods can be obtained using the area for

calculation. The formula for GRSAI is as follows (Equations (1) and (2) and Figure 3):

GRSAI =
Total area

x550 × 120
(1)

Total area =
∫ 670

k=550

xk+1 − xk−1

2
× f (xk) (2)

where f (xk) is the reflectance value when x = xk and ((xk+1 − xk−1)/2)× f (xk) is the area when x = xk.

Note that xk+1 − xk and xk − xk−1 cannot be the same. A constant 120 value belongs in between 550 nm

and 670 nm.

𝑃𝑃𝑃𝑃𝑁𝑁𝑁𝑁 𝑅𝑅800 − 𝑅𝑅680𝑅𝑅800 𝑅𝑅680𝑅𝑅𝑟𝑟𝑟𝑟 𝑅𝑅670 𝑅𝑅780
𝑅𝑅𝑅𝑅𝑃𝑃 𝑅𝑅𝑟𝑟𝑟𝑟 − 𝑅𝑅700𝑅𝑅740 𝑅𝑅700𝑁𝑁𝑁𝑁𝑁𝑁 −𝑁𝑁𝑁𝑁𝐺𝐺𝑁𝑁 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 𝑁𝑁𝑁𝑁𝐺𝐺𝑁𝑁

−

𝐺𝐺𝑅𝑅𝑃𝑃𝑉𝑉𝑁𝑁 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝑇𝑇𝑉𝑉𝑉𝑉𝑇𝑇𝑥𝑥550
𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝑇𝑇𝑉𝑉𝑉𝑉𝑇𝑇 � 𝑥𝑥𝑘𝑘+1 − 𝑥𝑥𝑘𝑘−1 𝑓𝑓 𝑥𝑥𝑘𝑘670

𝑘𝑘=550
− −

− − −

 

Figure 3. The green-red spectral area index (GRSAI) calculation utilizing integration.
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2.5. Statistical Analysis

We were interested in finding the appropriate index with which to detect pine wilt disease-infected

trees. Therefore, an independent samples t-test was conducted to see if the changes in reflectance

values obtained from infected vs. non-infected trees as measured by various indices were statistically

significant. The limit for statistical significance (p) was set at 0.01 (t < 2.6).

3. Results and Discussion

3.1. Changes in Leaf Reflectance Spectra

We measured spectral reflectance 15 times from June to October 2012. T9, a PWN-injected tree,

was not infected with pine wilt disease; therefore, it was excluded from the present analysis. Spectral

reflectance values with wavelengths in the mid-infrared range contain a lot of noise. This is because the

measurements were taken during the wet season, and the mid-infrared wavelength range is sensitive

to moisture content in the atmosphere [32].

In the present work, average time series values were used to study the general changes in infected

and non-infected trees according to different spectral reflectance times. Figure 4a shows a graph of

the interpolated spectral reflectance of the infected tree group, while Figure 4b shows a graph of the

interpolated spectral reflectance of the non-infected tree group. The spectral reflectance graphs were

smoothed. Even so, interpolation after removing noise was difficult because the measurements of

wavelengths from 1800 nm to 1900 nm contained too much noise. Therefore, in this study, spectral

reflectance in the range of 400 nm to 1700 nm was used to analyze changes in leaf reflectance spectra.

 

Figure 4. Changes in the leaf reflectance spectra of infected (a), and non-infected (b) trees.
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Generally, the spectral reflectance of vegetation is observed at wavelengths between 400 nm and

680 nm, where chlorophyll absorption occurs, and at 970 nm, 1190 nm and 1450 nm, which correspond

to the absorption of moisture by leaves [45]. The time series spectral reflectance graph of non-infected

trees reveals identical spectroscopic characteristics over time; no special changes were observed

(Figure 4b). The spectral reflectance graph for pine wilt disease-infected trees was identical to that of

non-infected trees early in the experiment. However, 67 days after PWN injection, around August 20,

an increase in reflectance in the red (600–700 nm) and mid-infrared (1460–1550 nm) wavelength bands

was observed (Figure 4a). When plants are under stress and thus producing less chlorophyll, the light

absorption corresponding to chlorophyll decreases, which then leads to an increase in red and green

reflectance and a chlorotic phenomenon in which leaves turn yellowish [45]. The increased reflectance

in the visible spectrum is interpreted as a universal signal that describes the degree of stress applied to

plants [46]. Reflectance values in near infra-red (NIR) wavelengths change when stressors are severe

enough to completely desiccate leaves [45].

Pine trees infected with pine wilt disease show changes in physiology, including changes in

leaf color (green to yellow), and decreases in moisture content [19]. PWN disrupts the movement

of moisture in pine trees. Additionally, as the density of PWN increases, the moisture content of

current-year branches and leaves decreases, resulting in a decrease in photosynthesis. Eventually,

leaves are visibly discolored and trees wither [14,18,47,48]. Since green and red wavelengths relate

to photosynthesis and mid-infrared wavelengths relate to moisture content [15,49,50], all three are

significantly altered in pine wilt disease-infected trees in comparison with healthy trees. This is in

agreement with the present study, in which Pinus thunbergii infected with PWN showed rapid changes

in relative green, red, and mid-infrared reflectance values.

3.2. Vegetation Indices

In order to detect PWN-infected trees in the early stages of disease, 10 existing vegetation

indices and a new index (GRSAI) were used to assess data collected over time, and an independent

samples t-test was performed to compare the results (Table 2). Statistical significance was set at

ρ ≤ 0.01 (t < 2.6). The NDVI, green normalized difference vegetation index (GNDVI), plant senescing

reflectance index (PSRI), and pigment-specific normalized difference (PSND) all show significant

differences starting on 20 August; red edge position (REP), the normalized difference water index

(NDWI), and Simple ratio pigment index (SRPI) revealed differences starting on 29 August. The

vegetation atmospherically resistant index (VARI), vegetation index green (VIgreen), NWI, and GRSAI

revealed significant differences between infected and non-infected trees earlier than the other indices

(starting on 10 August). Thus, the latter four indices are the most suitable for the early detection of

pine wilt disease.

Indices that detect infected trees the fastest were primarily calculated using the ratio of reflectance

values in green and red wavelengths. This is in accordance with the idea that the red wavelength band

is the most sensitive to the differences between infected and non-infected trees. At a certain point after

the injection of PWN in healthy trees, a high PWN reproduction rate plugs up the tracheids, which

leads to a decrease in water content and chlorophyll function. Reflectance of red light is closely related

to chlorophyll content [49]. Uto and Kosugi [20] reported that the characteristics of green leaves and

oak wilt are best revealed by examining reflectance at 650 nm.

A notable characteristic of the spectral reflectance of pine wilt disease-infected trees is that as the

infection progresses, the dynamic range of spectral reflectance in the mid-infrared wavelength band is

wide whereas that of other wavelengths narrows (Figure 4). In light of this, it is inferred that indices

such as the VARI, VIgreen, NWI, and GRSAI that assess a wide range of wavelengths are better at

detecting pine wilt disease in the early stages. This result should be useful in future research on the

early detection of pine wilt disease.
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Table 2. Independent t-test results of different indices used to measure reflectance in infected and non-infected trees over time.

Indices 14 June 23 June 28 June 8 July 20 July 24 July 26 July 31 July 6 August 10 August 20 August 29 August 6 September 21 September 8 October

NDVI 1.437 0.865 0.525 4.314 0.950 3.050 0.166 0.490 1.714 1.296 3.144 6.619 9.228 10.269 27.932
GNDVI 1.208 1.126 1.593 3.711 0.226 1.944 2.807 2.379 0.443 1.971 2.838 5.005 9.717 14.113 7.088

REP 2.115 6.789 3.724 4.299 2.178 2.837 7.523 4.945 0.228 2.689 0.718 4.554 4.786 2.704 3.877
NDWI 1.500 3.423 2.327 6.747 1.854 5.102 0.182 4.285 0.069 0.646 1.230 6.681 8.902 8.968 12.478
PSRI 1.031 2.529 0.482 2.612 0.900 4.696 1.023 2.956 1.509 0.497 2.810 4.845 5.489 7.083 15.040
SRPI 0.691 3.396 0.196 2.374 2.111 2.049 1.464 1.367 1.318 2.741 1.121 5.271 6.529 9.525 10.857

VARI * 0.976 1.011 0.335 4.416 1.154 3.804 2.548 0.979 1.408 2.715 3.846 7.900 8.912 10.290 28.122
VIgreen * 1.054 0.636 0.383 3.948 1.745 3.420 2.990 1.857 1.445 3.594 4.074 7.844 8.823 10.222 27.622

PSND 1.320 1.048 0.570 4.444 0.859 3.097 0.550 0.754 1.726 1.154 2.958 6.437 9.230 10.257 25.554
NWI * 1.155 0.040 0.640 3.562 1.911 2.901 2.844 2.730 1.274 4.198 4.052 8.654 13.192 14.003 50.321

GRSAI * 0.674 0.860 2.355 4.242 1.489 2.427 2.186 0.532 1.412 2.660 3.915 5.535 6.033 8.582 11.138

* Vegetation index for early detection of pine wilt disease.
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Figure 5 presents the changes in the VARI, VIgreen, NWI, and GRSAI by date. In infected trees,

the values of the VARI and VIgreen decreased, with a large amount of variation, beginning on 10 August.

This is because the susceptibility to disease differs between trees and because symptoms appear

differently, even at different points on a single tree. The non-infected trees showed no obvious changes,

so variation was much lower than in the infected group. Changes in each index correlate to changes in

physiological characteristics caused by PWN. The VARI and Vigreen are indices related to pigment

and nitrogen content, and a decline in these indices explains the discoloration and withering of leaves

following the poor delivery of nutrients [50]. On the other hand, the values of NWI and GRSAI of the

infected group increased beginning on 10 August.

Figure 5. Changes in vegetation reflectance indices (VARI, VIgreen, NWI, GRSAI) over time.
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NWI and GRSAI, which relate to plant senescence and leaf wilt, indicate the increasing damage

done by pine wilt disease. NWI accommodates red, green and NIR wavelengths. As the NIR

wavelength band reflects 60% of radiant energy, it inevitably contains noise originating from external

conditions. Thus, the variability of NWI is larger than that of the VARI, Vigreen, and GRSAI. GRSAI

measurements over time between infected trees and non-infected tress showed less variability than

those of the other indices because the other three indices are dependent on specific spots on the tree,

which in turn causes larger fluctuations from noise, whereas the GRSAI is calculated on the basis of a

wider area where the noise factor does not necessarily have a huge impact on the index calculation.

4. Conclusions

This study investigated changes in leaf reflectance spectra along with the hyperspectral analysis of

pine wilt disease to determine the optimal detection indices. Reflectance values from 350–2500 nm were

taken from infected and non-infected trees with a GER 3700 spectrometer from June to October 2012.

We used 10 existing reflectance indices (NDVI, VARI, VIgreen, PSND, PSRI, NWI, GNDVI, NDWI, REP,

and SRPI) and a new index, GRSAI, to characterize complex spectra and make comparisons among the

target trees (non-infected and infected trees) over time. Our investigations showed reflectance changes

in most of the infected trees in the red and mid-infrared wavelengths within two months of pine wilt

disease infection with no notable differences in reflectance in non-infected trees. Detecting changes in

spectral reflectance in red and mid-infrared wavelengths can contribute to the early detection of pine

wilt disease. Our analyses showed that the NDVI, GNDVI, PSRI, and PSND all displayed significant

differences in infected vs. non-infected trees beginning on 20 August, and REP, the NDWI and SPRI

showed differences beginning on 29 August. The VARI, VIgreen, NWI, and GRSAI continuously

showed significant differences between infected and non-infected trees earlier than the other indices

(10 August). Importantly, the GRSAI, which compares the difference between red and green reflectance,

showed less variability over time than the other indices. Red wavelengths have the fastest changes in

spectral reflectance patterns after pine wilt infection. The results of this study, when combined with

remote sensing data such as hyperspectral aerial imagery, are expected to be quite useful for the early

detection of pine wilt disease.
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