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Abstract: Hickory plantations play an important role in improving local farmers’ economic conditions,
but extreme drought in July–August 2013 seriously influenced hickory nut production. It is necessary
to understand the extent and magnitude of this drought-induced hickory disturbance through
mapping its spatial distribution using remote sensing data. This paper proposes a new approach to
examine hickory disturbance based on multitemporal Landsat imagery. Ratios of green vegetation to
soil fractions were calculated, in which the green vegetation and soil fractions were extracted from
Landsat multispectral imagery using the linear spectral mixture analysis approach. We used the
differences between before-drought and after-drought ratios to detect hickory disturbances. Four
disturbance levels—non-disturbance, light, medium, and severe—were grouped according to the
field survey data. The spatial distribution of these four levels was developed using the ratio-based
approach. The result indicates that this approach is effective to detect drought-induced hickory
disturbance and may be transferred to detect other kinds of disturbances, such as forest disease and
selective logging. Cautions should be taken to properly select image acquisition dates and the change
detection period, in addition to the approach itself.

Keywords: hickory plantation; drought-induced disturbance; Landsat; linear spectral mixture
analysis; ratio of green vegetation to soil fractions

1. Introduction

Hickory (Carya cathayensis) was originally located in the region between Zhejiang and Anhui
provinces, but it has now expanded to a wider region, including Guangxi Province in South China
because of its important economic values. Hickory is a deciduous broadleaf forest, and hickory
plantations have some unique characteristics (see Figure 1): (1) single tree species without or with
little understory, relatively simple canopy structure, and less canopy density compared to other
broadleaf forests; (2) mainly distributed on relatively steep slopes; and (3) intensive forest management,
including adding nutrients and conducting grass removal a couple times every year. Due to its rapid
expansion associated with intensive management (e.g., fertilization, weed control, use of insecticides),
hickory plantations have produced serious environmental problems, such as soil erosion and water
pollution [1].

The quality and quantity of hickory nuts are influenced by different factors such as tree disease,
extreme weather, and improper management (e.g., over-fertilization). The extremely high temperatures
with little rainfall (drought) in July–August 2013 severely influenced the health of hickory plantations,
resulting in a considerable reduction of the hickory nut production in 2013 and 2014 (personal
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communication with hickory plantation owner). An urgently needed task was to develop an approach
to rapidly map the spatial distribution of this drought-induced hickory disturbance in order to
understand its extent and magnitude.
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The 2013 extreme drought event has resulted in many serious problems such as lack of drinking 
water, reduced crop yields, forest damage, and human health issues [2–5]. According to the datasets 
from a local weather station in Daoshi Township, Lin An City, if we consider the days in 2013 when 
the mean daily temperature was greater than 25 °C and the daily maximum temperature was greater 
than 30 °C, the time period between 1 July and 18 August meets this criteria. For this period, we 
analyzed the mean daily temperature, daily maximum temperature, and rainfall from 2010 to 2015 (see 
Figures 2 and 3). Overall, the mean daily temperature and daily maximum temperature in 2013 were 
higher than in other years. In particular, 5–18 August 2013, had high temperatures of 37–41 °C after 
more than one month of high temperatures with very little rainfall (see Figures 2b and 3b) and 
seriously influenced the hickory plantations. At the same time, rainfall in 2013 was significantly less 
than in other years; that is, only 32.4 mm of rainfall from 1 July to 18 August compared to more than 
198 mm in the same period in other years (Figure 3b). Due to this drought, about 90% of the hickory 
plantations were affected to a certain degree, resulting in forest degradation over a large area, 
according to a survey by Lin An Forestry Bureau (personal communication). This type of widespread 
disturbance requires rapidly detecting spatial distribution of drought-induced disturbances. 

The repeated acquisition capability of remote sensing data makes it possible to timely detect 
land-cover change [6]. In particular, the availability of time-series Landsat data at no cost promotes 
its extensive application for detecting forest disturbances [7–15]. Many techniques and methods, 
including tasseled cap transform, vegetation indices, and vegetation change tracker (VCT), have been 
developed to detect forest disturbances [16–22]. For example, based on time-series Landsat data, 
Huang et al. [11,23] proposed the VCT approach to detect forest disturbance in eastern USA. Kennedy 
et al. [24] proposed the trajectory-based change detection approach to identify forest disturbance and 
further proposed the LandTrendr—temporal segmentation algorithms—to automatically detect forest 
disturbance and restoration [12]. 
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understory in hickory plantations.

The 2013 extreme drought event has resulted in many serious problems such as lack of drinking
water, reduced crop yields, forest damage, and human health issues [2–5]. According to the datasets
from a local weather station in Daoshi Township, Lin An City, if we consider the days in 2013 when
the mean daily temperature was greater than 25 ˝C and the daily maximum temperature was greater
than 30 ˝C, the time period between 1 July and 18 August meets this criteria. For this period, we
analyzed the mean daily temperature, daily maximum temperature, and rainfall from 2010 to 2015 (see
Figures 2 and 3). Overall, the mean daily temperature and daily maximum temperature in 2013 were
higher than in other years. In particular, 5–18 August 2013, had high temperatures of 37–41 ˝C after
more than one month of high temperatures with very little rainfall (see Figures 2b and 3b) and seriously
influenced the hickory plantations. At the same time, rainfall in 2013 was significantly less than in
other years; that is, only 32.4 mm of rainfall from 1 July to 18 August compared to more than 198 mm
in the same period in other years (Figure 3b). Due to this drought, about 90% of the hickory plantations
were affected to a certain degree, resulting in forest degradation over a large area, according to a survey
by Lin An Forestry Bureau (personal communication). This type of widespread disturbance requires
rapidly detecting spatial distribution of drought-induced disturbances.

The repeated acquisition capability of remote sensing data makes it possible to timely detect
land-cover change [6]. In particular, the availability of time-series Landsat data at no cost promotes
its extensive application for detecting forest disturbances [7–15]. Many techniques and methods,
including tasseled cap transform, vegetation indices, and vegetation change tracker (VCT), have
been developed to detect forest disturbances [16–22]. For example, based on time-series Landsat
data, Huang et al. [11,23] proposed the VCT approach to detect forest disturbance in eastern USA.
Kennedy et al. [24] proposed the trajectory-based change detection approach to identify
forest disturbance and further proposed the LandTrendr—temporal segmentation algorithms—to
automatically detect forest disturbance and restoration [12].
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Figure 2. A comparison of mean daily temperatures (a) and daily maximum temperatures (b) from 1 
July to 18 August in 2013 and the corresponding averages of the same periods between 2010 and 2015 
except 2013, based on data from the weather station at Daoshi Township in the northwestern part of 
our study area (note: the average values in blue line represent the average of the daily values in 1 
July–18 August in the years of 2010, 2011, 2012, 2014, and 2015).  

 
Figure 3. Mean maximum temperatures (a) and total rainfall amounts (b) during the period of  
1 July–18 August from 2010 to 2015, showing the drought event in 2013.  

Drought is one of the disturbance factors, and drought-induced disturbance has its own 
characteristics compared to other kinds of disturbance factors such as forest disease and selective 
logging. Drought can cause loss of moisture in leaves and canopy, resulting in a change in spectral 
signatures, especially in red, near-infrared, and shortwave infrared, or change in surface temperature. 
Therefore, the remote sensing-based approaches for drought-induced disturbance detection are 
based on the effective use of vegetation indices and/or land surface temperature [16,25–27]. For 
example, the following three approach categories have been used for detection of drought-induced 
forest disturbances: (1) vegetation indices, such as Normalized Difference Vegetation Index (NDVI), 
Enhanced Vegetation Index (EVI), Normalized Difference Water Index (NDWI), Modified Soil Adjust 
Vegetation Index (MSAVI), and the Perpendicular Drought Index (PDI) [28–32]; (2) surface 
temperature, such as Temperature Condition Index (TCI) and Normalized Difference Temperature Index 
(NDTI) [33]; and (3) combination of vegetation index and surface temperature, such as Temperature-
Vegetation Drought Index (TVDI) and the Vegetation-Temperature Condition Index (VTCI) [34–38]. 
Much previous research for drought-induced disturbance detection is based on the examination of 
time series vegetation index data with coarse spatial resolution (e.g., MODIS NDVI), but these 

Figure 2. A comparison of mean daily temperatures (a) and daily maximum temperatures (b) from
1 July to 18 August in 2013 and the corresponding averages of the same periods between 2010 and
2015 except 2013, based on data from the weather station at Daoshi Township in the northwestern part
of our study area (note: the average values in blue line represent the average of the daily values in
1 July–18 August in the years of 2010, 2011, 2012, 2014, and 2015).
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Figure 3. Mean maximum temperatures (a) and total rainfall amounts (b) during the period of 1 July–18
August from 2010 to 2015, showing the drought event in 2013.

Drought is one of the disturbance factors, and drought-induced disturbance has its own
characteristics compared to other kinds of disturbance factors such as forest disease and selective
logging. Drought can cause loss of moisture in leaves and canopy, resulting in a change in spectral
signatures, especially in red, near-infrared, and shortwave infrared, or change in surface temperature.
Therefore, the remote sensing-based approaches for drought-induced disturbance detection are
based on the effective use of vegetation indices and/or land surface temperature [16,25–27]. For
example, the following three approach categories have been used for detection of drought-induced
forest disturbances: (1) vegetation indices, such as Normalized Difference Vegetation Index (NDVI),
Enhanced Vegetation Index (EVI), Normalized Difference Water Index (NDWI), Modified Soil Adjust
Vegetation Index (MSAVI), and the Perpendicular Drought Index (PDI) [28–32]; (2) surface temperature,
such as Temperature Condition Index (TCI) and Normalized Difference Temperature Index (NDTI) [33];
and (3) combination of vegetation index and surface temperature, such as Temperature-Vegetation
Drought Index (TVDI) and the Vegetation-Temperature Condition Index (VTCI) [34–38]. Much
previous research for drought-induced disturbance detection is based on the examination of time series
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vegetation index data with coarse spatial resolution (e.g., MODIS NDVI), but these approaches cannot
effectively detect the disturbance of specific forest types with dispersed distribution and small patch
sizes, such as the hickory plantations in this research.

Although many studies have been conducted for detecting drought-induced disturbance, these
approaches are influenced to a certain degree by external factors (e.g., soil moisture, topographic
factors), data saturation, and insensitivity; thus, small changes in vegetation structure due to a
drought event are difficult to detect. The differences in strength and length of a drought event can
have considerably different effects on forest disturbance. A short-term drought will not seriously
affect forest conditions. Even in the 2013 drought event, its effects varied depending on topography
and human activities; thus, it is not enough to just detect whether a disturbance occurred or not.
The previously-used pixel-based approaches may not effectively detect a drought-induced forest
disturbance. Therefore, this research aimed to develop a new approach to distinguish drought-induced
disturbances into different levels and to apply this approach to map spatial distribution of hickory
disturbances in a mountainous region.

2. Study Area

Lin An, located in the western part of Zhejiang Province and close to Anhui Province (see Figure 4),
has a population of 566,700 according to the 2010 census data. In this county, hickory plantations have
played an important role in improving economic conditions for local people and government because
of its large area distribution and a long history of using hickory nuts [39]. In the past three decades,
hickory plantations continuously increased and reached an area of 28,700 ha in Lin An County. As
the “capital of hickory in China”, Lin An’s hickory plantations account for 51.3% and 46% of China’s
hickory nuts production and plantation area, respectively [40]. In this research, the western region
of Lin An County, covering 10 townships with an area of approximately 1457 km2, was selected as a
study area for exploring the approach to detect hickory disturbances caused by the extreme drought
event in July–August 2013.
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Figure 4. Study area—covering 10 townships in western Lin An County, Zhejiang Province.

Lin An has four distinct seasons—high rainfall in the spring, hot and humid in the summer,
mild temperatures in the fall, and cold in the winter. Annual average temperature is 16.4 ˝C with the
highest temperature in July and the coldest in January. Annual average precipitation is 1614 mm with
June being the rainiest month [41]. Lin An has an undulating terrain with flat terrain in the east and
mountainous regions in the west, with elevation ranging from 10 to 1580 m. The major vegetation
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types include coniferous forests (e.g., pines and firs), broadleaf forests (mainly evergreen forest and a
limited number of deciduous forests), bamboo forests, and shrubs.

3. Methods

3.1. Data Collection and Preprocessing

Three Landsat 8 OLI (Operational Land Imager) images in 2013, RapidEye in 2012, and digital
elevation model (DEM) data with 30-m spatial resolution were used in this research (Table 1). The
Landsat 8 L1T product (systematic precision and terrain corrected) has precise geometric accuracy,
thus no image-to-image registration among the OLI images is needed. However, DEM data have
geometric errors compared with Landsat OLI data. Therefore, 30 GCPs (ground control points) were
collected from both DEM and Landsat OLI data for DEM-to-image geometric registration, and a root
mean squared error of less than 0.5 pixels was obtained.

Table 1. Datasets used in research.

Dataset Acquisition Data Azimuth Sun Elev. Angle Note

Landsat 8 OLI
(path/row:120/39)

10 July 2013 105.64 68.00
This image is the only
cloud-free image available
close to pre-drought event

14 October 2013 152.60 47.91
This image is the only
cloud-free image available
close to post-drought event

1 December 2013 158.42 34.96
The image in leaf-off season is
used to map distribution of
hickory plantations

RapidEye images The RapidEye images in 2012 were used mainly for selection of more training samples for
urban, water, and agricultural lands

ASTER GDEM These data with 30-m spatial resolution were registered into the same coordinate system as
Landsat 8 OLI data and are used to conduct topographic correction of Landsat imagery.

Field surveys
Fieldwork was conducted in June 2013–August 2014. A total number of 84 vegetation samples
were collected, including 20 for hickory plantations, 30 for evergreen forests, 20 for other
deciduous broadleaf forests, and 14 for shrubs.

Since the extreme drought event occurred between early July and late August 2013, the best image
acquisition dates for this drought-induced disturbance detection should be between late June and late
August or early September. In this time period, hickory plantations are in the middle of their growing
season, and their stand structures are stable if no disturbance has occurred. However, due to cloud
cover, Landsat 8 OLI imagery on 10 July is the only cloud-free image available close to the beginning
of the drought event, and Landsat 8 OLI imagery on 14 October is the only available data close to the
end of the drought event. Therefore, both July and October Landsat images were used to detect forest
disturbances. Since hickory is a deciduous forest and use of leaf-on and leaf-off images can improve
the extraction of hickory plantations, July (leaf-on) and December (leaf-off) Landsat OLI images were
used to extract hickory distributions.

The Landsat 8 OLI Digital Number (DN) was converted to TOA (Top of Atmosphere)
reflectance [42]. The Dark Object Subtraction approach was then used to convert TOA to surface
reflectance [43]. Since topographic factors seriously influence land surface reflectance in mountainous
regions [44], topographic correction is required for the Landsat imagery before the data can be used
for further quantitative analysis such as vegetation classification. In this research, the C-correction
approach was used to conduct topographic correction [45,46] considering the influence of the relatively
low sun elevation angle on the December Landsat imagery.

Fieldwork was conducted in 2013 and 2014. In June 2013, we conducted field surveys to identify
vegetation types (e.g., pine, Chinese firs, broadleaf forests, hickory plantations, bamboo forests, shrubs,
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crop fields). A GPS device was used to collect the coordinates of each sample plot. The field survey
data were linked to Landsat OLI imagery to generate training samples. We used RapidEye imagery to
collect training samples in Lin An mainly for urban, water, and agricultural lands. In early September
2013, our collaborators provided us field survey data and photos for examining the forest damages
caused by the July–August drought. Large areas of dead trees were not found in the hickory plantations
during the field surveys. However, individual dead trees were dispersed across the study area in
locations where soil characteristics limited water holding capacity. According to the field survey, four
disturbance levels—non-disturbance, light, medium, and severe (see Figure 5)—are defined as follows:

(1) Non-disturbance means that the hickory trees grew normally without influence from this drought
event (Figure 5a). This situation is mainly located at lower elevations of mountainous regions or
in valleys with good soil conditions and moisture.

(2) Light disturbance means that some leaves became yellow due to moisture loss in the hickory
leaves, but they would be restored in a short time if sufficient moisture were available (Figure 5b).
We define the light level for those sites where at least half of the hickory trees in a hectare had
yellow leaves in early September (just after the drought event).

(3) Medium disturbance means that some leaves and branches in the upper part of a tree died but
most of the leaves and branches in the lower part of a tree were still alive (see Figure 5c). We
define the medium level for those sites where at least half of the hickory trees in a hectare had
dead leaves in early September (just after the drought event).

(4) Severe disturbance means that the leaves became red and died due to moisture loss caused by
the drought event (see Figure 5d). This situation often occurred in the areas with very poor soil
conditions. During the field survey, we did not find this category because only a few trees were
dead in a hectare due to the drought event.
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Figure 5. Four levels of hickory disturbances resulting from the July–August 2013 drought event
(a) non-disturbance; (b) light; (c) medium and (d) severe.

In August 2014, we did another field survey in this study area trying to identify more sites of
different disturbance levels based on the definitions given above. Unfortunately, we could not clearly
identify the disturbed regions because the trees had restored after one year. We further interviewed
some hickory plantation owners about the impacts of the 2013 drought event. We have the impression
that the 2013 extreme drought event indeed influenced hickory damage to a certain degree and
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seriously affected the 2013 and 2014 hickory nut production and quality, but completely dead trees
were limited. Although these qualitative descriptions cannot be effectively used in this research, it
indeed indicated the negative effects of this drought event on hickory production.

3.2. Mapping Hickory Plantation Distribution

Hickory belongs to a deciduous broadleaf forest. Its spectral signature is similar to other broadleaf
forests (see Figure 6), resulting in difficulty in distinguishing them using remote sensing spectral
signatures. However the hickory plantation has a different stand structure compared to other broadleaf
forests (see Figure 1): that is, a hickory plantation has a relatively simple stand structure due to its
single tree species composition and no or limited understory vegetation caused by human-induced
intensive management for the sake of harvesting hickory nuts. Based on this unique feature, Figure 7
illustrates the framework of mapping hickory plantations using two Landsat 8 OLI data from July
and December 2013. The major steps include (1) separate deciduous and evergreen forests using the
NDVI image differencing approach; (2) develop fraction images using linear spectral mixture analysis
(LSMA) and further generate new indices from these fraction images; (3) separate hickory plantations
from other deciduous forests using the thresholding approach based on the newly developed index
from the fraction images; and (4) evaluate hickory plantation results using field survey data.
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Since hickory is a deciduous tree species, use of leaf-on and leaf-off season images can easily
separate deciduous forest from evergreen forests. Here we used NDVI image differencing between
Landsat images in July and December to classify vegetation into deciduous and evergreen forests.

Previous research has shown that the fractions developed from Landsat imagery using LSMA are
good variables for examining forest stand structure [47]. For example, a forest site can be assumed
to be a combination of green vegetation (GV), shade (SH), and soil (SO) components. GV reflects the
vegetation density at horizontal scale, SH represents the vertical stand structure, and SO represents
non-photosynthetic vegetation information such as stems and branches, in addition to soils under
the forest canopy [47]. In the LSMA approach, selection of good-quality endmembers is one of the
critical steps. Although image- or reference-based approaches [47] can be used, the image-based
approaches are commonly used for selection of endmembers. In order to identify high-quality
endmembers, Landsat multispectral bands were transformed into a new dataset using image transform
algorithms, such as principal component analysis and minimum noise fraction [48,49]. In this research,
three endmembers—GV, SH, and SO—were selected from the first three components, which were
transformed from Landsat OLI multispectral imagery using minimum noise fraction. A constrained
least squares solution was then used to unmix the Landsat OLI multispectral imagery into three
fraction images. This approach was used to develop fraction images for the three dates of Landsat OLI
data separately (i.e., July, October, and December 2013). A detailed description of the LSMA approach
is available in previous literature (e.g., [47,48]).

Since three fraction variables represent different forest stand characteristics, the ratio of these
factions may further enhance the difference in stand structures between hickory plantations and other
broadleaf forests. Therefore, three new indices, called vegetation-soil (VSO) index, vegetation-shade
(VSH) index, and normalized multi-fractions (NMF) index were proposed in this research:

VSO “
GV´ SO
GV` SO

(1)

VSH “
GV´ SH
GV` SH

(2)

NMF “
GV` SH´ SO
GV` SH` SO

(3)

where GV, SH, and SO represent green vegetation, shade, and soil fractions, respectively, which were
developed from Landsat multispectral imagery using the LSMA approach. A comparison of three
fraction (i.e., GV, SH, and SO) images and newly proposed indices (i.e., VSO, VSH, and NMF) was
conducted based on field survey data to identify the best one for separating hickory from deciduous
forests, as shown in Figure 8. The NMF was finally selected to map hickory plantation distribution
using the thresholding-based approach, which was based on the July and December 2013 Landsat
8 OLI images [50]. Figure 9 illustrates the hickory plantation distribution in this study area using
the NMF-based approach. A detailed description of this approach is provided in Xi et al. [50]. Here
we directly used the hickory distribution result to further examine spatial distribution of hickory
disturbances.

Accuracy assessment was conducted using 150 sample plots, including 55 samples of hickory
plantations and 95 other land covers, which were collected using a stratified sampling technique,
according to field survey and visual interpretation of RapidEye imagery. The result indicated that
an overall accuracy of 88.8% and kappa efficiency of 0.76 were obtained. The producer’s and user’s
accuracies of 82.8% and 87.3%, respectively, for the hickory forest were achieved.
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3.3. Detecting Drought-Induced Disturbances of Hickory Plantations

Figure 10 illustrates the framework of detecting hickory disturbances caused by drought in
July–August 2013 using Landsat 8 OLI images which were acquired in July and October 2013. The
major steps include (1) map hickory plantation distribution using the leaf-on and leaf-off imagery
(i.e., July and December imagery), as described in Section 3.2; (2) develop fraction images from the July
and October Landsat multispectral imagery using the LSMA approach and produce new indices from
the fractional images; and (3) determine thresholds based on the selected variable and map spatial
distribution of different disturbances.
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Drought causes a loss of moisture in a forest site. As moisture decreases, the shade fraction
decreases, but soil fraction increases. Therefore, the ratio of GV to soil fraction (RSO) and the ratio
of GV to the shade fraction (RSh) were proposed to examine the potential forest disturbance caused
by drought. Meanwhile, three other vegetation indices showing sensitivity to vegetation status were
examined to compare the newly developed indices and commonly used indices [28,51,52]:

RSO “ GV{SO (4)

RSh “ GV{SH (5)

NDVI “
ρNIR ´ ρRED
ρNIR ` ρRED

(6)

EVI “ 2.5ˆ
ρNIR ´ ρRED

ρNIR ` 6.0ρRED ´ 7.5ρBLUE ` 1
(7)

MSAVI “
p2ρNIR ` 1q ´

b

p2ρNIR ` 1q2 ´ 8 pρNIR ´ ρREDq

2
(8)

where RSO and RSH represent the ratios of GV to the soil fraction and GV to the shade fraction,
respectively; GV, SH, and SO, respectively, represent green vegetation, shade, and soil fraction
images that were developed from Landsat imagery using the LSMA approach; ρNIR, ρRED, and
ρBLUE respectively represent land surface reflectance at near-infrared, red, and blue wavelengths in
the Landsat 8 OLI imagery. NDVI, EVI, and MSAVI represent normalized difference vegetation index,
enhanced vegetation index, and modified soil adjust vegetation index, respectively.

Based on field survey data, we found that GV value decreased, but the soil fraction increased
after drought because of withered or dead leaves. However, the forest stand structure did not change
significantly; thus, the shade fraction remained stable when the drought effect was not serious. Since
drought leads to increased soil and decreased GV fractions, the ratio of GV to soil fractions considerably
enlarges the ranges from high values before drought to low values after drought. Therefore, the RSO

differencing between before and after drought is used to separate these four disturbance levels using a
thresholding-based approach. In general, the threshold values can be determined with two approaches:
(1) manual trial-and-error procedure and (2) statistical measures [6]. In this research, the threshold
values were determined with a combined use of statistic measures (i.e., mean and standard deviation)
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and trial-and-error adjustment based on field survey data, that is, an initial threshold was selected for
each disturbance level according to mean ˘ 2.5 standard deviation, then the thresholds were further
adjusted using the trial-and-error approach based on the analysis of field survey data.

Accuracy assessment is an important part in a change detection procedure [6]. The error matrix
approach that is often used for classification accuracy assessment [53,54] can also be used for change
detection accuracy assessment. However, collection of reference data is very difficult because it requires
collecting them from the change detection period [6]. This is especially a challenge for forest disturbance
evaluation because the disturbance will be repaired in a certain time period through forest growth if
the reference data are not collected on time. In this research, we do not have sufficient reference data to
conduct a quantitative evaluation of the hickory disturbance result, but we interviewed some hickory
plantation owners during August 2014 and examined the results with them for qualitative evaluation.

4. Results

Based on sample plots of hickory plantations, Figure 11 provides a comparison of selected indices
before and after drought, indicating that individual fractional images (GV, SH, and SO) and three
vegetation indices (NDVI, EVI, and MSAVI) have small changes. However, the ratio of GV to soil
fraction, RSO, considerably enlarges the range of change from a high value before drought to a low
value after drought. Thus, this ratio is a good variable for examining the hickory disturbances caused
by this drought event.
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Based on field survey data (see Table 1) and the definitions of four disturbance levels, their
thresholds were determined and are summarized in Table 2. The area proportion of each level for all
hickory plantations in the study area was also calculated, indicating that the majority of the hickory
plantations are at non- or light-disturbance level and are mainly located at the foot of mountains
or in valleys with good soil conditions. Medium disturbance level is limited, accounting for only
8.7% and mainly located in such sites as mountain ridges with poor soil conditions, while severe
disturbance level does not have an obvious spatial pattern and is thinly dispersed on some mountain
ridges. Figure 12 provides the spatial distribution of hickory disturbances, indicating that most hickory
plantations with non- or light-disturbance level are in Daoshi Township.
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Table 2. A summary of the identified thresholds for defined disturbance levels and their proportions to
total hickory plantation area.

Disturbance
Levels Threshold % Spatial Patterns

Non <1.88 29.7 Mainly located at the foot of mountains and in
valleys with good soil conditions.

Light 1.89–3.10 58.8

Mainly distributed in Daoshi Township where
hickory plantations account for a large
proportion of their mountainous areas and
plantation owners had intensive management,
including irrigation during the drought period

Medium 3.11–4.07 8.7 Mainly located at mountain ridges with poor
soil conditions

Severe >4.08 2.7 Dispersed in some mountain ridges without
obvious spatial patterns

Thresholds were determined from field survey data; % represents the proportion of each disturbance level in
the total hickory plantation area.

Despite the light and medium disturbances detected across the study area, the drought event
indeed influenced the hickory nut production and quality in 2013 and 2014 according to our interviews
with the hickory plantation owners. Although no quantitative accuracy assessment for the disturbance
detection result was conducted due to insufficient field survey data, we are confident with the spatial
patterns of the detected disturbances based on the interview results.

5. Discussion

The majority of the change detection techniques, such as vegetation indices and image differencing,
are designed for land-cover conversion; that is, a complete change from one type to another such as
from forest to cropland [6,55]. However, the traditional change detection techniques cannot easily
detect forest modification, such as the drought-induced forest disturbances in this research [56]. Here
we provide an alternative to detect forest disturbances by examining the change in ratios of GV to soil
fractions before and after drought based on multi-temporal Landsat imagery. This proposed approach
is effective in detecting hickory distribution and may be used for detecting other forest disturbances,
such as forest disease and selective logging.
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5.1. Selection of Suitable Image Acquisition Dates for Forest Disturbance Detection

Hickory is a deciduous tree species, meaning that the leaves are in full development from May to
October, then gradually become yellow in late fall, and finally fall in winter. This characteristic requires
selection of a suitable season for detecting hickory disturbance. It is critical to use before-event and
after-event images in the same growing season to reduce the impacts of vegetation growing/fading
seasons on the detection performance. For the hickory plantations in the same growing season, such
as in the months of May to September, the forest stand structure is stable if no disturbance occurs.
In this situation, the fraction images (e.g., GV, shade, soil) are stable. However, if one image is from
a non-growing season or in a late- or early growing season when leaves have fallen or not fully
developed, the canopy cover and soil may considerably affect the composition of GV, shade, and soil
components. In this case, the proposed approach using the ratio of GV to soil fraction is not suitable for
detecting forest disturbances because spurious changes caused by different seasons affect the detection
performance. Therefore, it is important to select the Landsat images in the mid-growing season to
detect forest disturbances.

Although Landsat imagery is often used for detection of forest disturbances, its 16-day revisit and
cloud cover problem, especially in tropical and subtropical regions, is a critical constraint. In recent
years, different sensors with high temporal and spatial resolutions, such as RapidEye and Pleiades, have
become available, providing new opportunities to accurately and timely detect forest disturbances [6].
Since LSMA can effectively unmix multispectral imagery into fractional images if endmembers can be
properly selected [57], the fractional images developed from different sensors’ multispectral imagery
can be reliable. Since radar data, especially the long-wave radar such as ALOS PALSAR L-band, can
penetrate the forest canopy to a certain depth for capturing more information about forest structure
and understory, a combination of radar and optical sensor data may provide better performance in
forest disturbance detection [58–61]. Although the spatial resolution in MODIS vegetation indices
(e.g., NDVI, EVI) is too coarse to detect disturbances in specific forest types with relatively small patch
sizes, such as hickory plantations in this research, its unique characteristics in time series vegetation
indices indeed provided important disturbance information in a large area [29,32,37]. Integration
of time series MODIS NDVI (or EVI) and Landsat images may improve forest disturbance accuracy.
However, use of different sensor data produces a challenge in effectively detecting forest disturbances,
requiring more research to develop suitable technologies [62].

5.2. Determination of Disturbance Levels and Evaluation of Disturbance Results

Quantitative definition of disturbances is often difficult because disturbance is a continuous
stage without an obvious boundary [63]. In this research, the hickory disturbances caused by extreme
drought in 2013 were grouped into four disturbance levels: non-disturbance, light, medium, and
severe, based on field survey data. The definition of each level is still subjective, depending on the
decisions of how many levels and what thresholds to use, and the characteristics of the study area.

In this research, the field survey date and remote sensing acquisition date did not fit well
to the time of the drought event. Thus, the results from remote sensing data may not accurately
represent the true disturbance levels due to the time differences between data collection and the
disturbance and forest restoration. This disturbance may be spurious due to the hickory nut harvest
in mid-September and leaves’ color change due to decreased temperature in the late growing season.
The slight difference in growing seasons (mid-growing season in July and late growing season in
October) makes determination of thresholds difficult. In theory, the threshold for non-disturbance
forest should be close to zero, but a value larger than zero can be attributed to the impacts of the
slightly different growing seasons and/or to the error of unmixing Landsat multispectral images
separately. This difference also makes evaluation of disturbance results difficult if ground-truth data
are not collected at the right times, because the natural growth of vegetation will restore its forest stand
structure and conceal its past disturbance.
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5.3. Development of Proper Algorithms for Specific Forest Disturbance

Previous research has indicated that forest disturbances can be detected by examining changes of
vegetation indices [17,29,32,37]. These pixel-based approaches may be successful for detecting forest
disturbances with large areas and having severe disturbances, but may not be effective for detecting
drought-induced forest disturbances because of its small change in forest stand structure or canopy
moisture. In this research, we proposed a subpixel approach, which is based on development of
fractional images from Landsat multispectral imagery and the use of the ratio of GV to soil fractions to
further enlarge the difference between stand structures. This proposed approach can effectively detect
the small change in forest stand structures. This advantage is especially valuable for detecting the
disturbances caused by drought, forest disease, and selective logging that only result in small changes
in forest stand structure. Additionally, this proposed approach provides the potential to detect forest
disturbances in small patch sizes that traditional vegetation indices-based approaches at pixel scale do
not have this capability.

Drought-induced forest disturbance is often related to topography and soil conditions. For
example, the areas with steep slopes often have high risk of soil erosion if forest cover is not dense
enough; soil conditions such as soil type and depth can influence the soil’s water holding capacity;
topography can affect sun illumination, moisture, soil type and, thus, result in different vegetation
species distribution and composition. Therefore, more research is needed in the future to develop
approaches to incorporate soil and DEM into remote sensing data for more effectively detecting
forest disturbances.

6. Conclusions

This research proposed a new approach to detect forest disturbances, using hickory disturbances
caused by extreme drought in 2013 as an example. Four disturbance levels were defined:
non-disturbance, light, medium, and severe. The ratio of GV to soil fraction images was developed
from multitemporal Landsat imagery using the LSMA approach and used to map spatial distribution
of hickory disturbance levels. This research indicates the value of using the LSMA approach to produce
fraction images representing the forest stand structure and the ratio of GV to soil fractions to effectively
detect forest disturbances by enlarging the difference between forest structure features before and after
drought events. However, caution should be taken in setting and measuring the levels of disturbance
and in selection of image acquisition dates. This proposed approach may be used to examine other
kinds of disturbances, such as forest disease and selective logging, in other forest types such as bamboo
forests. More research is needed in the future to develop approaches to incorporate ancillary data,
such as DEM and soils into remote sensing data for better detecting forest disturbance.
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