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ABSTRACT
In early 2008, forest ecosystems in southern China suffered damage
due to a severe ice storm disaster. The area and degree of forest
damage caused by the ice storm was assessed using Satellite Pour
l’Observation de la Terre (SPOT)-Vegetation images for Guangdong
Province acquired between 1999 and 2008. By using the maximum
value composition method and image thresholding techniques, the
forest vegetation loss, expressed as the change in net primary pro-
ductivity (NPP) and two indicators (I1, I2), was estimated. The damage
threshold was determined by comparing the standard deviation of
pixels of the undamaged areas in 2008 and other years without any
disaster, which was 10%. The area of damaged forest vegetation was
47,670 km2, with the northern Guangdong Province most seriously
affected. The total loss of NPP for forest vegetation was 50,578,055 t
(DW) year−1, with 52 counties (43.7%) suffering forest vegetation
damage. Evergreen coniferous forest was most widely affected, but
evergreen broad-leaved forest was the most severely damaged vege-
tation type. Terrain topography influenced the damage to forest
vegetation, which was found to increase with increasing elevation
and slope gradient. The range and degree of damaged forest deter-
mined by remote-sensing data is consistent with the extent of the ice
storm, indicating that this study provides a new approach for rapid
assessment of forest disasters at a regional scale.
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1. Introduction

Between 25 January and 6 February 2008, a rare period of extremely low temperatures
and ice storms caused severe damage and loss of life in southern China. The direct
economic loss was more than RMB 150 billion (109) (22 billion (109) USD) and 129
persons died. This disaster also caused severe damage to a number of forest areas
(nearly 27.9 million (106) ha in southern China. It was estimated that the storm damaged
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11.9 million (106) ha of forest in Guangdong Province, which has a forest cover of 8.2%
(Lin and Xue 2009), resulting in significant losses of forest ecosystem services.

Ice storms occur across large areas and usually cause extensive damage for a period
time with accumulated ice and low temperature (Bragg, Shelton, and Zeide 2003). Ice
storms are one of the most important non-biological disturbance factors for forest
ecosystems in non-tropics (Millward, Kraft, and Warren 2010), and may cause serious
damage to forest vegetation such as bending or uprooting of the tree trunks, as well as
damage to the crowns.

Studies of forest damage have mainly concentrated on the damage to forest ecolo-
gical services value and vegetation community structure caused by pests and disease
(Olsson, Jönsson, and Eklundh 2012; Setiawan et al. 2014), fire (Arnett et al. 2015; Sedano
et al. 2012), hurricane damage (Boose, Chamberlin, and Foster 2001; Kupfer et al. 2008;
Ostertag, Silver, and Lugo 2005), and earthquakes (Jiang et al. 2015). Both ground survey
and remote-sensing technology are common methods for forest damage evaluation. On
the one hand, ground surveys can be employed to assess damage for a small area and
focus on a specific type of vegetation community structure and plant physiology (Scarr,
Hopkin, and Howse 2003). Remote-sensing approaches, on the other hand, enable fast
assessment of large areas (Mildrexler et al. 2007; Näsi et al. 2015; Wang et al. 2010; Yi
et al. 2013) and can efficiently monitor not only the extent of the damaged area but also
the degree of this damage (Zhang et al. 2013). Multi-temporal imagery can detect the
degree of damage and reduce to the minimum the errors caused by the fluctuation of
vegetation indices and the influence of different growing period of different vegetation
(Fransson et al. 2002; Verbesselt et al. 2010; Zhang et al. 2003).

Remote sensing has played an important role in ice storm damage research, because
it can be used to compare the state of the forest vegetation explicitly before and after
the storm (Olthof, King, and Lautenschlager 2004). For example, Isaacs et al. (2014)
investigated ice storm damage across Ouachita National Forest in the United States
using two sets of Landsat 7 ETM+ (Enhanced Thematic Mapper) images (before and after
the storm) and demonstrated that not only topography but also biological and meteor-
ological factors influence damage patterns in forests together. Environmental informa-
tion, such as topography, may be effectively combined with ice storm patterns using
satellite images. It has been found that topographic factors have a significant influence
on the degree of forest damage (Stueve, Lafon, and Isaacs 2007). Additionally, different
types of vegetation have different responses to damage (Lafon 2006; Millward and Kraft
2004; Smolnik, Hessl, and Colbert 2006).

Using Satellite Pour l’Observation de la Terre (SPOT)-Vegetation time-series data from 1999
to 2008 for Guangdong Province and image thresholding techniques, this study detected the
forest damage threshold by analysing the changes in normalized difference vegetation index
(NDVI) over the sameperiodof every year. Thegoal of the researchwas todetect the scope and
degree of forest damage caused by the 2008 ice storm, and to provide an approach to quickly
evaluate forest damage over extensive areas with medium- and low-resolution satellite data.

2. Study area

Guangdong Province is located in southern China, at 20 ° 13 ‘–25° 31ʹ N and 109° 39ʹ–
117° 19ʹ E. The province is bordered by the Nanling Mountains to the north, the Wuyi
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Mountains to the northeast, and by the South China Sea to the south. Guangdong
Province covers a total area of 179,800 km2, occupying 1.87% of China’s land area. A
variety of vegetation types are found within the province. Northern Guangdong is
dominated by subtropical evergreen broad-leaved forest, which transitions into a sub-
tropical monsoon forest in the central part of the province, and then to a tropical
monsoon forest on the southern Leizhou Peninsula.

3. Data and methods

3.1. Data acquisition

For this study NDVI data, land-cover information, and digital elevation model (DEM) data
were used. The NDVI data consisted of the product of SPOT-Vegetation, which is a
synthesis of data strips from 10 consecutive days produced using the maximum value
composition method, and was provided by the Flemish Institute for Technological
Research (VITO), for the period beginning in April 1998. The data comprised a total of
360 images with a spatial resolution of 1 km, and covering the period from 1999 to 2008.
Compared to other remote-sensing data, the advantage of SPOT-Vegetation data is that
it has a high temporal resolution of 10 days, a spatial resolution of 1 km, which is
appropriate for a province area (Cong et al. 2012), and an ability to better reflect
seasonal vegetation changes.

For land-cover information, we selected the Global Land Cover 2000 (GLC-2000) data
set provided by the European Union Joint Research Centre, with a spatial resolution of
1 km, including a total of nine land-cover types in Guangdong Province (Figure 1). The
GLC-2000 projects were developed based on SPOT-4, which resulted in a good agree-
ment between the NDVI and the land-cover data sets used in this study.

Shuttle Radar Topography Mission (SRTM) data provided by the United States
National Aeronautics and Space Administration (NASA) and the United States
Department of Defense’s National Imagery and Mapping Agency (NIMA) were used as
DEM data. Data resolution was 90 m and the data covered a total of four views of
Guangdong Province.

3.2. Data pre-processing

All SPOT-Vegetation NDVI data for 1999–2008 were processed using the VGTExtract
software for batch extraction and projection to the reference system WGS-84. The
source data had already been corrected for atmospheric, radiometric, and geo-
metric distortions, so it only needed to be transformed from digital number (DN)
to NDVI values of the original images according to Equation (1) (Vegetation
Program 1998):

NDVI ¼ 0:004d � 0:1; (1)

where d is the digital number (DN) of image pixels.
In order to extract forest vegetation ranges from remote-sensing images for each year

of the study period, evergreen broad-leaved forest, evergreen coniferous forest, and
other natural forest types were selected from the land-cover maps as forest vegetation
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type objects. These three vegetation types represented the vegetation types that were
most damaged by the 2008 ice storm. Damage to other vegetation types was not
considered in this study.

3.3. Time-series reconstruction of NDVI

Ice and snow cover may lead to the decrease of real NDVI values, and it could not
completely reflect damage degree by NDVI values before the leaves on the damaged
trees wither. So, to reduce errors, we need to choose an appropriate study period in
which snow melted and damaged vegetation completely died. Shaoguan and Qingyuan
were the most severely damaged areas in this ice storm according to the ground survey
data, so we extracted the NDVI curve of these areas to select the optimal time of the
year for our research, with the goal of reducing errors to the minimum.

The NDVI data from 360 images were smoothed using TIMESAT software in order to
reduce the interference of clouds, atmosphere, solar altitude angle, and sensor observa-
tions (Bradley et al. 2007). Because of its ability to correct abnormally low values (Chen
et al. 2004), the Savitzky–Golay (SG) filter method (Savitzky and Golay 1964) was selected
to smooth the data.

In order to reduce noise and improve data quality, the maximum NDVI (MNDVI)
values for each year of the study period were calculated using the maximum value
composition (MVC) method, resulting in a total of 10 images. The following equation
was used:

Figure 1. The land-cover types of Guangdong Province.
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mi ¼ max
n

j¼1
NDVIð Þi; j (2)

where m represents the MNDVI value, n is total number of images for each year of the
study period, j represents the jth image in a year, i represents the ith image of the
reconstructed data set.

3.4. Image thresholding techniques

Image thresholding techniques were applied to compare MNDVI values of the study
period between the disaster year and other years. Spruce et al. (2011) used this method
to evaluate pest damage of forest vegetation and identified a change rate of 4% as the
damage threshold. They then detected the area with a variation greater than 4% as the
pest damage region of the forest. The equation to calculate the NDVI variation is

V ¼ mpre �mpost

mpre
%; (3)

where mpre represents the average MNDVI value of the study period in other years, mpost

is the MNDVI value for the same period in the disaster year, and V represents the
variation rate of MNDVI value between the disaster year and other years during the
same period.

Because the ice storm had caused serious damage to the forest ecosystem, a large
number of branches and leaves covered the ground. This led to a reduction of forest
biomass, which, in turn, led to a significant decrease of NDVI directly in the region of
damaged forest and an increase of the NDVI standard deviation in an image (Wu, Chen,
and Peng 2013). The standard deviation reflects the difference between the value of
each pixel and the mean value of an image, and represents spatial variations of the NDVI
image data. Standard deviation is normally used as an important parameter for seg-
mentation of high-resolution images and multi-spectral image fusion, but is rarely used
for threshold identification of multi-temporal images (Spruce et al. 2011). Based on the
standard deviation of forest MNDVI images for each year of the study period, we varied
the threshold from high to low according to variation rate of MNDVI in ArcGIS10.2, and
compared the standard deviation of non-damaged areas (the region where value of V is
greater than the threshold set) in 2008 to other years using the same threshold values.
The forest damage threshold was determined as the value with a standard deviation for
2008 that was less than or equal to that of the other years, extrapolating the area
beyond the scope of normal variation, which indicated the damage area caused by the
ice storm.

3.5. Forest damage assessment model

To obtain a further quantitative evaluation of the ecological damage to the forest
vegetation, we used net primary productivity (NPP) to measure the degree of vegetation
damage in the damaged area. NPP was originally defined as the amount of photo-
synthetically fixed carbon available to the first heterotrophic level in an ecosystem (Field
et al. 1998). Using the forest vegetation NPP model developed for China by Zheng and
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Zhou (2000), which is based on the leaf area index (LAI) and NDVI, the degree of damage
to the forest ecosystem can be calculated. The equation is written as follows:

NPP ¼� 0:6394� 67:064 ln 1� NDVIð Þð Þ: (4)

Ground surveys of forest damage usually determine the degree of damage for
prefectures, counties, or forest plantations with damaged forest area, but ignore the
relative proportion of damaged areas within the forests, making it difficult to define
different damage levels. At the prefecture level, this study defined two indices to
evaluate the relative damage to a forest. These are the average damage of forest
index (I1) and the concentration of damage index (I2). The equations for these two
indices are as follows:

I1 ¼ NPPð Þ=f ; (5)

I2 ¼ NPPð Þ=d: (6)

In these equations, f represents the forest area and d the damaged area. The I1 index
can be used to measure NPP loss per unit of forest area, while I2 can evaluate the
distribution of different degrees of forest damage.

4. Results and analysis

Based on the construction of SPOT-Vegetation NDVI time-series data sets, the period
from mid-June to early July was chosen to be the study period. We used the image
thresholding method to detect damage during 2008, and we found that the range and
extent of damage assessed using time-series images data was in agreement with ground
survey data.

Then loss amount of NPP values was calculated from NDVI, to quantify the degree of
damage. Among the vegetation types, evergreen coniferous forest had the largest
damage areas, but evergreen broad-leaved forest had the highest proportion of damage
areas. Furthermore, terrain factors have a significant influence on forest damage.

4.1. Time-series reconstruction of NDVI

A 10-year average NDVI curve for forest vegetation within the severely damaged areas
(Qingyuan and Shaoguan) was extracted and the S-G filter was applied for noise
reduction (Figure 2(a)). After repeated testing and adjusting, the appropriate number
of iterations was determined to be one, the envelope of fitting strength was two, and
the S-G filter window was four. According to the NDVI curve for 2008 (Figure 2(b)), it is
clear that NDVI values increased rapidly after the snow and ice began to melt in early
February. Then, as damaged trees died and the normal variation of vegetation growth
became dominant, NDVI decreased gradually until it started to pick up again in mid-
April. This shows that the effects of damaged vegetation had been reduced to a
minimum in mid-April, and NDVI values were more approximate to the undamaged
vegetation. To minimize the impact of damaged trees that had not withered entirely and
the effects of post-disaster restoration, the observation period should be set to the
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vegetation-growing season after mid-April. Based on NDVI data quality, the period from
mid-June to early July was finally chosen.

4.2. Forest damage threshold

Taking into account the quality of remote-sensing image data and the effects of other
disasters (such as fires and hurricanes), we calculated the average and standard devia-
tion for forest MNDVI images for the period of mid-June to early July from 1999 to 2008
(Figure 3), to select the years with higher data quality. It is obvious that the average for
2008 was lower and the standard deviation was higher due to the effect of the ice storm.
Accordingly, we selected years in which the average was high and the standard devia-
tion was low (the years 2000, 2001, 2003, 2004, 2006, and 2007), then used the average
MNDVI during the study period as the normal level before the disaster, and calculated
the variation of NDVI between 2008 and the other years according to Equation (3) for
each grid. The variation values in some grids (Figure 4(a)) were less than zero; these
grids represented the areas where MNDVI values for study period in 2008 were above
the values of previous years. We removed these grids and normalized the remaining
range of variation values to [0, 1] to arrive at the final variation rate distribution for
MNDVI (Figure 4(b)).

Figure 2. The S-G filtering results for NDVI in the serious disaster area (a) 1999–2008 (b) 2008.
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Based on the change rate of MNDVI, we calculated the standard deviation of the
unaffected area (where the change rate was lower than a certain threshold value) for
2008 and compared it to other years with the same threshold (Figure 5). Extrapolated
from the maximum threshold, the standard deviation for the other years had remained
relatively constant between 0.05 and 0.06, but the standard deviation for 2008
decreased gradually with decreasing threshold, forming a line of intersection at a
threshold of 10%. Thus, the standard deviation for undamaged areas in 2008 was
more similar to the same period in other years when removing the effects of disaster
damage. So we analysed with a reverse order from 100% to 0%, and selected the
threshold value when the standard deviation for 2008 was less than it was for other
years. For example, we first calculated the standard deviation of NDVI for undamaged
area in 2008 and other years with the threshold (the change rate of NDVI between 2008
and the other years) of 100%. If the standard deviation for 2008 was less than other
years, 100% would be the damage threshold. Otherwise, we needed to calculate the
next value of 99% in the same way. Finally we determined that the areas with MNDVI
change rates of more than 10% were the areas of damaged forest vegetation.

4.3. Scope and grades of forest damage

Using a histogram of pixels above the damage threshold for 2008 (Figure 6), we divided
the threshold into three levels based on the slope of the frequency distribution, and
defined areas with a threshold above 40% as severe, between 24% and 40% as

Figure 3. Average (a) and standard deviation (b) for MNDVI during the study period from 1999 to
2008.
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Figure 4. NDVI change rate between 2008 and other years (a) Unnormalized (b) Removed the grids
with values less than 0 and normalised to [0,1].

Figure 5. The relationship between threshold value and MNDVI standard deviation for unaffected
areas.
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moderate, between 10% and 24% as light, and the remaining areas as undamaged
(Figure 7). There was a damaged area of 47,670 km2 for the entire province, mainly
concentrated in the northern part of Guangdong Province, including Zhaoqing,
Qingyuan, Shaoguan, Heyuan, Meizhou, and Guangzhou, of which Qingyuan was the
most seriously affected with 72% of the forest area damaged. Severe and moderate
damage areas, which respectively accounted for 18.98% and 30.06% of damaged areas,
were mainly located in Zhaoqing, Qingyuan, and Shaoguan. Areas with light damage
were widespread, but were mainly found in the northern part of the province.

To investigate the accuracy of our results, we collected the ground survey data about
the ice storm damage in 2008 (Lin and Xue 2009). According to this statistical

Figure 6. Histogram of the damage threshold.

Figure 7. Distribution of forest damage levels in Guangdong.
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information, Guangdong Province had 7646.19 km2 of severely damaged forest areas
within provincial forest plantations, nature reserves, and Shaoguan, Qingyuan, Heyuan,
Meizhou, Zhaoqing, occupying 8.2% of the total forest area in the province. Forest
damage areas, based on remote-sensing images, were mainly located in northern
Guangdong, which was consistent with the ground survey data. However, because of
the different scales of remote-sensing images and damage survey statistics, as well as
the accuracy of the damage level classification, the severely damaged area based on
remote-sensing data in the province was 9046 km2 and occupied 6.64% of the total
forest area, which was slightly lower than the 8.2% mentioned above.

4.4. Degree of forest damage

After identifying the degree of forest damage by image thresholding techniques, NPP
was used to measure the loss of forest ecosystems within the administrative region.
Taking one pixel as the minimum research unit and considering the amount of MNDVI
variation in 2008 compared to the other years, we estimated the loss of NPP using
Equation (4) for the damaged areas (Figure 8). The unit for NPP is t (DW) hm−2 year−1.

The NPP loss of forest vegetation in the province was 50,578,055 t (DW) year−1, with
the region of higher losses concentrated in the north-central part of the province. Taking
counties as the analyses unit, this study considered the 48 counties where total losses of
NPP were below 250,000 t (DW) year−1 as the undamaged region, which was almost
completely located in the southern part of Guangdong Province. Of all 119 counties, 52
(43.7%) suffered disaster damage. Among them, the counties with relatively

Figure 8. Distribution of NPP loss during the ice storm in Guangdong.
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concentrated disaster reports (including Lianzhou, Qujiang, Yangshan, Lchang, and
Yingde) had a much higher loss of forest area and NPP than others; all of them were
located in Shaoguan and Qingyuan prefectures.

Taking prefectures as the analysis unit, the statistics for disaster damage (Table 1)
show that the indicators in Shaoguan, Zhaoqing, and Qingyuan are greater than in all
other prefectures. In the remaining prefectures, I1 shows a higher correlation with the
proportion of damaged area of the prefecture, and prefectures that have a higher I1
value, such as Meizhou, Guangzhou, Foshan, and others, also show a relatively higher
proportion of damaged area. However, the prefectures listed as most severely affected
in disaster survey statistics, such as Heyuan, have relatively low I1 values, because the
index is a measure for the proportion of NPP loss relative to the total forest area,
regardless of the total affected area. On the other hand, severely damaged regions in
the disaster survey statistics are usually regions with a large and concentrated damage
area, while the I1 index shows the actual percentage of damaged forest in each
prefecture. Another indicator that I2 can give a description of the concentration of
damaged forest in the prefecture, and it shows a high correlation with the proportion
of severely damaged area. The greater the index value is, the relatively more concen-
trated the severe damage area is, and the proportion of severe damage is also higher.

4.5. Difference among forest vegetation types

Table 2 shows the statistics of vegetation damaged according to the classification for
different vegetation types. As evergreen coniferous forest covered the largest area in the
province, the area of damage and loss of NPP was also highest. The proportion of
severely damaged areas reached 20.87%, which was the highest percentage of the three
kinds of vegetation that occur in the study area. Evergreen broad-leaved forest covered

Table 1. Loss statistics for different prefectures.

Prefecture
Damage area

(km2)
Proportion of damage

area (%)
Proportion of severely

damage (%)
NPP loss

(t (DW) year−1) I1 I2
Qingyuan 11,923 71.76 28.26 17,976,789 9.40 15.07
Shaoguan 7,709 54.03 22.08 10,249,290 6.23 13.29
Zhaoqing 6,373 52.32 20.34 8,273,414 5.91 12.98
Meizhou 3,083 24.72 8.47 2,943,483 2.05 9.54
Heyuan 2,873 22.66 8.46 2,656,816 1.82 9.24
Huizhou 2,076 24.84 15.46 2,149,649 2.24 10.35
Guangzhou 1,358 44.09 17.89 1,412,326 3.96 10.40
Yangjiang 1,253 24.88 9.34 1,183,696 2.05 9.44
Maoming 1,148 17.10 6.01 890,731 1.14 7.75
Yunfu 1,062 20.23 9.79 998,953 1.65 9.40
Jiangmen 680 13.68 4.71 498,537 0.86 7.33
Shanwei 381 11.74 8.14 308,785 0.83 8.10
Jieyang 301 9.66 5.65 236,306 0.65 7.85
Zhanjiang 274 4.70 0 134,448 0.19 4.90
Foshan 255 32.48 10.20 221,461 2.51 8.68
Chaozhou 219 11.24 2.28 147,871 0.65 6.75
Shantou 183 27.03 0 103,617 1.34 5.66
Zhongshan 97 40.59 12.37 77,662 2.84 8.01
Zhuhai 85 40.09 1.18 56,561 2.27 6.65
Dongguan 42 13.13 7.14 27,853 0.74 6.63
Shenzhen 41 11.36 7.32 29,807 0.69 7.27

I1: Average Damage of Forest Index, I2: Concentration of Damage Index.
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a smaller area than evergreen coniferous forest, occupying 17.6% of the province’s
forest. However, evergreen broad-leaved forest coverage in the damaged region was
higher than the provincial average, so the damage area percentage (35.79%) was the
highest compared to the other two types of vegetation, and the area of severe damage
occupied 18.32% of the total damage area.

4.6. Influence of topographical factors

There have been a number of studies discussing the influence of topographical factors
on forest vegetation damage (Isaacs et al. 2014; Martin and Ogden 2006; Stueve, Lafon,
and Isaacs 2007). Most researchers agree that damage becomes more severe as eleva-
tion increases, while aspect does not show a significant influence. The impact of slope
on vegetation is more obvious, and damage usually becomes more extensive as slopes
become steeper. Considering the three major forest vegetation types, we investigated
the damage to each vegetation type for different elevations, slopes, and aspects
(Figure 9).

It was found that the impact of elevation for the three vegetation types is similar and
showed as a decrease of damaged vegetation pixels with increasing elevation. However,
the number of damage pixels increased with increasing altitude when considering the
proportion of damage pixels to the total number of vegetation pixels. At 70–130 m and
300–400 m of elevation, the number of damage pixels and total pixels of evergreen
broad-leaved forest both reached a maximum value. The amount of vegetation pixels
increased constantly and reached a maximum value at 180–300 m, whereas the number
of damage pixels remained constant, which means that this vegetation type suffered
less damage within this elevation interval and suffered the most severe damage at
elevations between 300 and 630 m. The amount of evergreen coniferous forest vegeta-
tion began to decline above 190 m elevation, but the proportion of damaged vegetation
increased, with pixels indicating severe damage mainly concentrated at elevations
between 370 and 600 m. The amount of other natural forest decreased rapidly as
elevation increased, and was mainly concentrated at elevations below 100 m, which is
similar to the overall trend of vegetation distribution.

Slope impact on vegetation damage is similar to the impact of elevation. Overall, the
quantity of damage pixels decreased with increasing slope, but the proportion of total
pixels indicating vegetation increased. Evergreen broad-leaved forest was dominant on
slopes with angles below 20°, and severe damage mostly occurred at slope angles of

Table 2. Loss statistics for different forest vegetation types.

Vegetation type
Area
(km2)

Damage
area (km2)

Proportion of
damage area (%)

Proportion of
severe damage (%)

NPP loss
(t (DW) year−1)

Proportion of
NPP loss (%)

Evergreen
broadleaved
forest

23,978 8,581 35.79 18.32 10,781,707 21.86

Evergreen
coniferous
forest

91,044 28,228 31.00 20.87 36,090,450 73.18

Other nature
forest

21,180 3,262 15.40 7.36 2,444,995 4.96
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5–18°, while total damaged pixels reached a maximum in the 2–6° and 11–16° intervals.
The amount of evergreen coniferous forest decreased gradually above 20°, which is
similar to the distribution of evergreen broad-leaved forest, while severe damage and
total damage mostly occurred in the 10–15° range. Other natural forest was less
damaged, and mainly occurred on slopes with angles of 5° or less.

The influence of aspect is not same for the different vegetation types, and overall the
number of damage pixels increases with the number of total vegetation pixels. East,
southeast, south, and southwest aspects had the largest amount of vegetation but a
relatively lower percentage of damage pixels, indicating that these aspects are condu-
cive to the growth of vegetation.

Evergreen broad-leaved forest on the southeastern slopes had the largest amount and
most severe damage, while the amount of severe damage was minimized on the western
slopes. Distribution of damaged evergreen coniferous forests was similar to the total
amount of vegetation, with the most serious damage being on the southeastern slopes.
Other natural forest types had the most extensive damage on the southern and south-
eastern slopes, but the most serious damage on the northern and northeastern slopes.

5. Discussion and conclusions

Based on the construction of SPOT-Vegetation NDVI time-series data sets for 1999–2008
in Guangdong Province, we used a maximum value composition method to reconstruct
MNDVI images for the period of mid-June to early July for each year. We compared the

Figure 9. Statistic of damage pixels for different forest vegetation types in different topographies (a)
Evergreen broad-leaved forest and elevation. (b) Evergreen coniferous forest and elevation. (c) Other
nature forest and elevation. (d) Evergreen broad-leaved forest and slope. (e) Evergreen coniferous
forest and slope. (f) Other nature forest and slope. (g) Evergreen broad-leaved forest and aspect. (h)
Evergreen coniferous forest and aspect. (i) Other nature forest and aspect.
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MNDVI for each year calculated for the same period, and used an image thresholding
method to detect the area and level of damage to forest vegetation during 2008. Then
the loss amount of NPP values was calculated from NDVI, and two indices (I1 and I2) were
used to assess damage to the forest caused by the 2008 ice storm. Finally, we compared
the effects of different topographical factors on vegetation damage.

The range and extent of damage assessed using time-series images data is in agree-
ment with ground survey data collected after the ice storm. This study compared the
standard deviations for 2008 and other years without damage for undamaged areas
using the same threshold conditions. We identified 10% as the damage threshold,
resulting in an affected forest area of 47,670 km2, in which severe damage accounted
for 6.64% of the province’s forest area. The most severe damage was mainly concen-
trated in northern Guangdong, while the southern coastal area was mostly undamaged.
The NPP loss of forest vegetation caused by the ice storm in the province amounted to
50,578,055 t (DW) year−1. Of all 119 counties, 52 (43.7%) suffered disaster damage, with
Lianzhou, Qujiang, Yangshan, and Lechang being the most seriously affected counties.
In prefectures, the building concentration of damage index and the average amount of
forest damage index, showed the relative degree of damage for each prefecture. Our
research showed that this approach is applicable for large areas to rapidly assess and
simulate the spatial distribution of damage to forests.

The impact of topographical factors on different damaged forest vegetation types
showed that the amount of damage pixels increased with increasing elevation and slope,
and that the impact of aspect depended on specific circumstances. This is because the high
elevation area and steeper slope area has much more snow cover, and snow melts more
slowly than lower elevation area and lower slope area (Li et al. 2005). Furthermore, the
steeper the slope, the more trees there are with asymmetric canopy (Nykänen et al. 1997).
In general, the southern aspect receives much more sunshine, which makes snow melt
faster, so the vegetation on these aspects suffers less damage in an ice storm.

For this particular disaster in 2008, evergreen coniferous forest had the largest
damage areas, but evergreen broad-leaved forest had the highest proportion of damage
areas. The reason may be that the trees in evergreen broad-leaved forest have a larger
leaf area, so they will carry more snow on the leaf surface.

Although using remote-sensing images can quickly assess the scope and extent of forest
damage, it is recommended to combine remote sensingwith field surveys to reduce errors for
some areas. The GLC-2000 land-cover data used in this study matched the SPOT-Vegetation
data well because they were both based on SPOT-4 satellite data, but these data were
recorded in 2000, and large areas of forest may have changed in the following years, which
mayhave influenceon the final results. In addition, theNPPestimationmodel basedonNDVI is
too simple, and was insufficient in dealing with complex conditions. We suggest that incor-
porating temperature and rainfall datawith theNDVI time-series during ice stormdisasterswill
produce better NPP estimates and will make estimates of forest damage more precise.
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